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ABSTRACT

Railguidevehicle(RGV)problemshavethecharacteristicsoffastrunning,stableperformance,and
highautomation.RGVdynamicschedulinghasagreatimpactontheworkingefficiencyofanentire
automatedwarehouse.However,therelativeintelligentoptimizationresearchofdifferentworkshop
componentsforRGVdynamicschedulingproblemsareinsufficientschedulinginthepreviousworks.
Theyappearidlewhenwaiting,resultinginreducedoperatingefficiencyduringoperation.Thisarticle
proposesanewdistance landscapestrategyfor theRGVdynamicschedulingproblems.Inorder
tosolvetheRGVdynamicschedulingproblemmoreeffectively,experimentsareconductedbased
onthetypeofcomputernumericalcontroller(CNC)withtwodifferentproceduresprogramming
modelinsolvingtheRGVdynamicschedulingproblems.Theexperimentresultsrevealthatthisnew
distancelandscapestrategycanprovidepromisingresultsandsolvestheconsideredRGVdynamic
schedulingproblemeffectively.
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1. INTRoDUCTIoN

Withthedevelopmentofcontrolengineeringtechnology,manyenterpriseshavegraduallyraisedthe
awarenessofindustrialintelligentautomation.Railguidevehicledynamicschedulingproblemisan
importantbranchintheautomationindustry.Nowadays,theRGVismainlyappliedinproduction
scheduling workshop, logistics transportation, component assembly, and many other fields. The
RGVhasthecharacteristicsoffastrunning,stableperformanceandhighautomation,thedynamic
schedulingproblemassociatedwithRGVcaneffectivelyimprovetheproductionefficiencyofmodern
intelligentprocessing,whichhasbeenwidelyusedinvariousworkshopsandautomatedwarehouses.
TheRGVcanbedividedintoself-driventype,passive-driventype,assemblytypeandtransporttype
accordingtothedrivingmodeandthepurpose(Martinaetal.,2018;Sáezetal.,2008).Atpresent,
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mostenterpriseschoosetheringRGV,whichcanrunmultiplevehiclesonthesametrackandgreatly
improvethecapacityoftransportationandassembly(Leeetal.,1996).

The research on the RGV dynamic scheduling is mainly based on the warehousing system
(Royetal.,2016).Leeetal.proposedtheRGVschedulingstrategybasedonFCFSandanalyzed
thesystemoperatingefficiencyofdifferentquantitiestheRGVinautomatedwarehousingsystem
(Zhuetal.,2016).Sáezetal.(2008)effectivelycompletedthemultipleRGVschedulingtasksby
predictingthetaskstobegeneratedinadvance,fuzzyclassificationalgorithmwasusedtocalculate
andgeneratetheprobabilityofthetasksbasedonhistoricaldata,andthenusedageneticalgorithm
tofindareasonableRGVschedulingpath(Gagliardietal.,2015).Zhangetal.establishedthegenetic
algorithmmodelandmadeacomprehensiveanalysisofthedynamicschedulingmodelofloadingand
unloadingcompletedbythecooperationbetweentheRGVandCNC(Ferraraetal.,2014).Wuetal.
constructedaschedulingmodelwiththeshortestrunningtimeofRGVastheobjectivefunction,and
thentheyadopteddynamicprogrammingalgorithmbasedonTSPtosavetheschedulingtimeofthe
RGV,accordinglyimprovedtheproductionefficiencyofintelligentmachining(Royetal.,2016).All
theaboveresearcheswerecarriedoutpurelyfromtheperspectiveoftraditionalalgorithms,whichis
usedtosolvetheschedulingproblembysettingvariousconstraints.Meanwhile,traditionalalgorithms
areAlthoughtheschedulingresultssometimeshavesomerationalityusingtraditionalalgorithms,
theyareeasytofallintothelocaloptimum,highercomplexity,andmoreruntime.

Thefitnesslandscapeisatheoryappliedtotheoptimizationdynamicsofbiologicalevolution
proposedbyWright(Wright,1932).Studyofthefitnesslandscapeisanimportanttopicofevolutionary
computation.Influencedbybiologicalevolution,researchersbeganthefitnesslandscaperesearchearly
inthefieldofevolutionarycomputation,whosepurposeistounderstandthebehaviorofevolutionary
algorithmstosolveoptimizationproblems.Thefitnesslandscapecanrevealtherelationshipbetween
thesearchsolutionspaceandfitnessbythefeaturesofthelandscapeinformation,whichregards
evolutionary optimization as a process of an adaptive random walk on the three-dimensional
landscapevisualizedbyridges,canyons,andbasins.Ifthesearchspaceisregardedasalandscape,
theevolutionaryalgorithmcanbeunderstoodasnavigationthroughthelandscapetolocateitshighest
peak.Thefitnesslandscapeisdescribedasmappingfromasetofgenotypes,anditcanbeconsidered
astheheightoftheentiregenotype.Inotherwords,thefitnessinvolvedinthefitnesslandscapeisan
orthogonalprojectionthatcanbeexpressedasagenotypeattribute.However,thesearchstrategyof
theevolutionaryalgorithmistodecodethegenotypeintoaphenotypewithhighfitness.Thefitness
landscapecanberepresentedasacommonmetaphorusedtodescribethebehaviorofevolutionary
algorithms in the solutionof optimizationproblems.The fitness landscape is a visual toolwith
geometricmeaningthatcanbeusedtoevaluatepopulationcharacteristicsastheychangeovertime.
Thesechangesareachievedbymappingonegenotypetoanother.Manystudiesanddiscussionsof
thefitnesslandscapetopologyhavebeenpublished,includingoneinwhichthefitnesslandscape
topologiesarerelatedtotheoptimizationproblemofevolutionarycomputation.Theproblem-oriented
fitnesslandscapehasbeendeeplyanalyzed,especiallyforcombinatorialoptimizationproblems,such
astheTravelingSalesmanProblem(Angel&Zizzimopoulos,2001),ImageSegmentation(Bouziri
etal.,2011),theGraphColoringProblem(Daolioetal.,2010),theQuadraticAssignmentProblem
(He&Yao2005;Malan&Engelbrecht2009),theMAX-SA(Merz&Freisleben,2000),andthe
KnapsackProblem(Prugel-Bennett&Tayarani-Najaran,2012).Althoughthemainfocusofthese
studiesistoprovidethemosteffectiveinformationtosolveproblemsinevolutionarycomputation,the
experimentalresultsofsomeoptimizationproblemsalsoshowthefeaturesofvariousfitnesslandscape
topologies.Forexample,inthesymmetricTSPproblem,thetravelcostfromipointtojpointisthe
sameasjtoi,andthecorrespondingfitnesslandscapetopologyisquitesmooth.Incomparison,the
fitnesslandscapepresentedbytheasymmetricTSPproblemisquiterough(Reidys&Stadler,2001).
Forthequadraticassignmentproblem,theexperimentshowsthatasignificantneutralitydegreeof
fitnesslandscapetopographycanbeobtained(Shen&He,2010).Forthecontinuousreal-valued
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problem,similarnumericalresultscanbeobtainedwithfitnesslandscapetopographyamongwidely
usedbenchmarks(Caamañoetal.,2013).

Withthecontinuousimprovementintheoptimizationsolutionoftheevolutionaryalgorithm,
thefitnesslandscapecanpresentmoreabundantfeatureinformationaroundfitness,whichismainly
showninthelocalfitness,fitnessdistancecorrelation,randomwalk,andlandscaperoughness.These
fitnesslandscapefeaturesreflecttheoptimalsolutiondistribution,quantity,andlocalunimodalor
multimodal topologicalstructuresfromadifferentperspective.Therefore, thisworkanalyzesthe
relevantfitnesslandscapefeaturesandthenestablishestheRGVdynamicschedulingmodel.Inorder
tosolvetheRGVdynamicschedulingproblemmoreeffectively,thispaperusingadistancelandscape
strategybycombiningthefitnesslandscapeanddynamicsearchstrategy.Experimentsareconducted
basedonthetypeofCNCwithtwoproceduresprogrammingmodelinsolvingtheRGVdynamic
schedulingproblems.Theexperimentresultsrevealthatthisnewdistancelandscapestrategycan
providepromisingresultsandsolvetheconsideredRGVdynamicschedulingproblemseffectively.

Theremainderofthepaperisorganizedasfollows.Section2brieflyintroducesfitnesslandscape
analysisandfitnessdistancecorrelation.Section3illustratesthemodeldescriptionofRGVdynamic
schedulingproblem.Section4presents thedesignand implementationof theproposeddistance
landscapestrategyfortheRGVdynamicschedulingproblem.Thedetailofexperimentalanalysisand
verificationaredescribedinsection5.Theconclusionsaresummarizedinthefinalsectioninclude
sometopicsofthefutureresearchareprovided.

2. FITNeSS LANDSCAPe ANALySIS

2.1. Definition of the Fitness Landscape
Studyofthefitnesslandscapeisanimportantareaofevolutionarycomputation,whosepurposeisto
explainthebehaviorofevolutionaryalgorithmsinthesolutionofoptimizationproblems.Influencedby
biologicalevolution,researchersbegantostudythefitnesslandscapeearlyinthefieldofevolutionary
computation.Astaticfitnesslandscapecanberepresentedinanabstractmannerwithtriples(Kallal
etal.,2000)asfollows:

L X f N
k

= ( ), ,  (1)

wherethetupleX isafeasiblesolutionspacesetoftheevolutionaryalgorithm.Thefitnessfunction
f X R: → isusedtocalculatethefitnessvalueofthepriorityobservation x X∈ inthefitness
landscape.TheneighborhoodtupleN

k
givenbythedistancemetricofsizekisdefinedonthetuple

setX ,andN
k

hasN x y X d x y k
k
( ) { : ( , ) }= ∈ ≤ .

2.2. The Topology of the Fitness Landscape
Thefitnesslandscapetopologicalstructurescanbeenlighteningandinstructiveforthepopulation
structureoftheevolutionaryalgorithm,therecombinationmutationstrategyofthesearchspace,and
evenalgorithmperformanceoptimization.However,thetopologicalstructuresalsoclearlyshowthe
limitationofgeometricconception,especially,theabovefitnesslandscapetopologiesarebasedontwo
dimensions.Ifthegenotypespaceishigherthantwodimensions,thegeometrictopologicalfeaturesof
thefitnesslandscapearedifficulttorepresent.Infact,thefitnesslandscapetopologicalfeaturesexist
foralldimensions,onlywiththedimensionincreases,themeaningofthefeaturemaychange,andthe
geometricfeaturewillpresentmorecomplexandvariablepattern.Thissituationcanbeconvertedinto
atwo-dimensionallandscapetopologybyusingthemethodsthatincludedimensionalityreduction
andmappingoperation.Thelocalfitnesslandscapetopologylookslikeridges,canyons,plateaus,
andbasins,therearedirectlyviewedashavingthesamemeaningastwo-dimensionallandscapes.
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Therefore,throughdiscussingtheproblemwhichwhethertwo-dimensionallandscapefeaturessuch
asfitnessdistancecorrelation,fitnessinformationroughness,andgradientneutralityarerelatedto
higherdimensionshavegreatimportantresearchvalueforevolutionaryalgorithmoptimization.In
ordertobettersolvetherepresentationofthefitnesslandscape,thisworkfocusontheuseoffitness
distancecorrelationrepresentationtoanalyzecharacteristicsoftheoptimizationproblem.

2.3. Fitness Distance Correlation
Thegenotypeofthefitnesslandscapeisreflectedfromonevarianttoanotherinthedistanceattribute.
Animportantpartofsolvingthisdistanceattributeproblemistocollectpossibletopologicaland
structuralfeaturesinthefitnesslandscapeandtoanalyzeandexpressthemintothepotentialand
observablemechanismsinevolutionaryalgorithms.Thefitnessdistancecorrelation(FDC)analysis
methodcanquantifythedistancerelationshipbetweenthefitnessofasetofpointsinthelocalfitness
landscapeandtheglobalminimum(Müller&Sbalzarini2011).Thissectionwillusethefitness
distancecorrelationanalysismethodtorepresentthetopologicalfeaturesofthefitnesslandscape.
ThecustomizedtripleofthefitnesslandscapeFisdefinedas:

F d f
E

= ( )χ, ,  (2)

wherethelocaleffectivefitnesslandscapedomainχ isconstrainedby χ ι= ⊂[ , ]u Rn ,vector ι ,
u Rn∈ definestheupperandlowerbounds.Thedistanced

E
betweenpointsarecalculatedbyusing

theEuclideandistanceinthefitnesslandscapedecisionspace.Fromthelocalfitnesslandscapeto
evaluatethefitnessfunctionfinthestatisticalsamplingregiongivenarandomsamplex j( ) ∈ χ and
f j Rn( ) ∈ , j s= 1, ,� . In thestandardfitnessdistancecorrelationanalysis, theglobalminimum
x

min
isconsideredtobeaprioriknown,andx

min
isusuallyapproximatedby�x x j f x j

min
argmin= ( ) ( )( )




,

j s= 1 2, ,� .Thefeaturespresentedbythedistance d d x x d d x xj
E

j j
E

j( )
min

( ) ( )
min

( ), ,= ( ) = ( ) or � 

andthecorrespondingfitnessvalue f j( ) canprovideaspeculativemeansfortheglobaltopologyof
thefitnesslandscape.

3. THe RGV DyNAMIC SCHeDULING PRoBLeM DeSCRIPTIoN

Inthefollowingsection,inordertodiscussandanalyzetheRGVdynamicschedulingproblemmore
conveniently,weconstructanexamplesimplifiedsimulationscenario.Therearetwokindsofmaterials
thatcanbeprocessedbytheintelligentRGVschedulingsystem,oneprocesscanbecompletedin
single-procedurescheduling,andtheotherprocessrequiresmulti-procedureschedulingtocomplete.
Thisschedulingsystemconsistsof8CNCs,1RGV,1RGVlineartrack,1loadingconveyorbelt,1
unloadingconveyorbelt,andotheraccessorialcomponents.AsampleoftheRGVdynamicscheduling
systemisdescribedbyFigure1.

ItisassumedthatthistypeoftheRGVcanobtainthereal-timeworkingstatusofeachCNC
byschedulingthehistoricaldemandsignal,comprehensivelyconsiderandcomparetheremaining
schedulingtimeofeachCNC,theloadingandunloadingtime,andtherequiredtimefortheRGVto
thecorrespondingCNCposition,thetaskorderisunderdetermined.ThistypeoftheRGVstartin
thenextroundofoptimalCNC,allCNCsdemandtowaitwithin8hours.

For the convenience of describing the RGV dynamic scheduling problem, some necessary
assumptionsaregivenasfollows:
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• Inviewofthesafetyrequirements,thetoolscannotbereplacedmidwayuntilthesystemstops
workingaftertheschedulingsystemisstarted;

• WhentheRGVisoperatedtoacertainCNCwhereworkisrequired,theloadingconveyorwill
delivertherawmaterialtothefrontoftheCNCatthesametime,andtheunloadingconveyor
willimmediatelysendthecleanedmaterial;

• AllRGVcalculationprocessingtimesareconsideredtobezero,whichdoesnothaveanyeffect
onsystemperformance;

• Unlesstheschedulingsystemstopsworkingfor8hoursofcontinuousoperation,theoperation
ofRGVsuchasmoving,loading,unloadingandcleaningwillnotbestoppedmidway.

ThesymbolsthatneedtobeusedinthemodelingprocessareunifiedinTable1.

3.1. RGV Single-Procedure Scheduling Model
Intheintelligentprocessingsystem,oneRGVisdispatchedtocarryoutloadingandunloading
andwashingof8CNCmachinesarrangedonbothsides.Theloadingandunloadingofthenth 
round only have two status of going forward and stopping, we introduce 0 and 1 variables
expressionasfollows:

f move
the n round of loading and unloading goes to

i n
_

,
,
=

1  th         

 th       

CNCi

the n round of loading and unloading doesn t go

#

, '0    to CNCi#








 (3)

ComparingtheremainingprocessingtimeofeachCNCmachinebeforeeachroundofmovement
t rest

i n
_

,
withthetimerequiredbeforemovingtoeachCNCmachine t move

n
_ ,thelargervalue

plusloadingandunloadingtime t add
i n

_
,

isthetimetakenbytheRGVfromheadingtoCNCi# 
completethenth roundofloadingandunloadingonCNCi# :

t t rest t move t add
i n i n n i n, , ,

max _ , _ _= { }+  (4)

BeforetheRGVstartsworking,allCNCsareidle,whichisdifferentfromthestatusafterworking,
sothesedifferentstatuseswillbeanalyzedseparately.Inorder todistinguishbetweenthefirst8

Figure 1. A sample of the RGV dynamic scheduling system
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Table 1. The symbol description of RGV dynamic scheduling model

Symbol Symbol Description

n nth, , ,= 1 2� Theserialnumberofloadingandunloadingrounds.

CNCi#, 
i = 1 2 8, , ,�

ReferstoCNC CNC CNC1 2 8#, #, #�

f move
i n

_
,

f move
i n

_
,

determineswhethertogototheCNCi# workbenchbeforethenth 
roundofloadingandunloadingstatus.

f have
i n

_
,

f have
i n

_
,

determineswhetherthereanymaterialsontheCNCi# workbenchbefore
thenth roundofloadingandunloadingstatus.

s e,

s e, , , ,= 1 2 3 4 denotesthestartingandendingpositionoftheRGVmovement,
respectively.
Whens e, = 1 ,thepositionoftheRGVisbetweenCNC1# andCNC2# .When
s e, = 2 ,thepositionoftheRGVisbetweenCNC 3# andCNC 4# .When
s e, = 3 ,thepositionoftheRGVisbetweenCNC5# andCNC6# .When

s e, = 4 ,thepositionoftheRGVisbetweenCNC7# andCNC 8# .s
n

ande
n


respectivelydenotethestartandendpositionsoftheRGVwhennth roundisloaded.

t
i n,

Thenth roundtooktimeoftheRGVforreachingCNCi# fromloadingandunloading
position.

t move
n

_ Thenth roundtooktimefroms
n

toe
n

.

t add
i n

_
,

Thenth roundtooktimeoftheRGVforloadingandunloadingattheCNCi# position.

t wash
i n

_
,

Thenth roundtooktimeoftheRGVforcleaningattheCNCi# position.

t rest
i n

_
,

Thenth roundtooktimeoftheRGVforprocessingtheremainingmaterialsatthe
CNCi# position.

A
n

Afterthenth roundofloadingandunloading,thenumberofrawmaterialsproducedin
oneprocess.

AB
n

Afterthenth roundofloadingandunloading,thenumberofrawmaterialsproducedin
twoprocesses.

order
i

TheCNCi# responsibleforthei-thprocessingprocess, i n= 0 1, , ,� .

left
n

Thenumberofmaterialsforthetargetprocessinthenth roundofloadingandunloading.
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roundsofworkingafternowashingstage,set f have
i n

_
,

todeterminewhetherCNCi# hasmaterial
beforeloadingandunloadingofthenth roundontheworkingtable:

f have
there are materials on CNCi work table

therei n
_

, #

,,
=

1

0

      

       aren t materials on CNCi work table
n

' #
,








≤ 8  (5)

Thematerialneedstobecleanedaftereachunloading,using t wash
i n

_
,

denotethecleaning
timeofthenth round.

Thesingle-procedureprogrammingmodelwiththelargestquantityoffinishedmaterialscan
beestablishedasfollows:

• Thedecisionvariable:

f move
i n

_
,

 (6)

• Theobjectivefunction:

max  A
n

 (7)

A
n

: the total amountof finishedmaterialsobtainedafter loading,processing,washing, and
unloadinginnrounds.

Theconstraintconditions:

• TheRGVmovestotheCNCwiththeshortestwaitingtimeeachroundbythefollowingproblem:

max _ min
, , ,

f move t t
i n i n i n
⋅{ } =  (8)

• OneRGVcanonlyloadandunloadandwashonematerialatatime,wehave:

f move
i n

i

_
,

=
∑ =

1

8

1  (9)

• Onceonematerial isacquiredbyCNC, thematerialon theCNCworking tablewillalways
exists,thenwehave:

f have f have f move f have
i n i n i n i n

_ _ _ _
, , , ,
= + −( )1  (10)

• Eachshiftisoperatedcontinuouslyfor8hours,thetotalworkingtimeoftheCNCandRGV
shouldnotexceed8hours.Thisimpliesthat:
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f move t t wash f have
i n i n i n i n

in

n

_ ( _ _ )
, , , ,
⋅ + ⋅ ≤ ×

==
∑∑ 8 3600

1

8

1

 (11)

• Thestartingpositionofs
n+1

istheendingpositionofe
n

inthenth round,thenwehave:

s e
n n+

= 
1

 (12)

• Aftereachroundofloadingandunloading,thecumulativeoutputoffinishedmaterialscanbe
increasedbyupto1,wehave:

A A f have f move
n n i n i n

i
+

=

= + ⋅( )∑1
1

8

_ _
, ,

 (13)

• Set the initialvalue,whenthefirst roundof loadingandunloading, thequantityoffinished
materialsis0:

A
1

0 =  (14)

3.2. RGV Multi-Procedure Scheduling Model
Formaterialswithtwoprocessingprocedures,therearethreestatesinthemachiningprocess:raw
material,processedrawmaterialandfinishedmaterial.Inashift,whenaCNCcanonlyuseonetool
toprocessoneprocedure,howtomakeRGVidentifythestateofthematerialheldbythemechanical
armwhenloadingandunloading,andthenextsteptodealwithitisabigdifficulty.Tosolvethese
twoproblems,thefollowingtwoparametersareintroduced:order

i
referstotheprocessingtypeof

CNCi# , left
i
 refers to thestatesofmaterial inRGV.Onlywhen these twoparameterscanbe

successfullymatchedcanRGVproceedtothenextstep,theloadingandunloadingofthesecond
procedure.

AsfortheCNC’sprocessingtooldistribution,becausetheremustbetwoprocedures.Thereare
C C C

8
1

8
2

8
7+ + +�( )=254waystoallocatethetools.Differentdistributionschemeswillhaveagreat

impactontheworkingtimeandquantityoffinishedmaterialofRGV.Therefore,thispaperestablished
amutil-procedureprogrammingmodelwithRGVschedulingpathasthedecisionvariabletoobtain
themaximumquantityoffinishedmaterialsareasfollows:

• Thedecisionvariable:

f move
i n

_
,

 (15)

• Themutli-procedurefunctions:

maxAB
n

 (16)
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min _ _ _
, , , ,

f move t t wash f have
i n i n i n i n

in

n

+ ⋅( )
==
∑∑

1

8

1

 (17)

AB
n

:thequantityoffinishedmaterialsaftercompletingtwoprocedures.

Theconstraintconditions:

• Inoneprocessingshift,aCNCcanonlyinstallonetoolandprocessoneprocedure,anditisnot
allowedtochangethetoolinthemiddleoftheprocessforsafety,namely:

order
responsible for the first procedure

responsiblei
=

0

1

,

,

    

 ffor the second procedure   








 (18)

• ThereareonlytwostatesofmaterialinRGVduringtheworkingperiod,namely:

left
no material in RGV

havinga cleaned material in Rn
=

0

1

,

,

   

    GGV








 (19)

• Thenth roundofloadingandunloadingcanonlybecarriedoutwhenthematerialissuccessfully
matchedwiththeCNCi# process( )order left

i n
= ,namely:

f move f move order left
i n i n i n

_ _
, ,
= − −( )1  (20)

• IfN
1
isthenumberofCNCresponsibleforthefirstprocedureandN

2
isthenumberofCNC

responsibleforthesecondprocedure,thenN N N N N
1 2 1 2

8+ = , , *∈ .

4. DISTANCe LANDSCAPe STRATeGy FoR THe 
RGV DyNAMIC SCHeDULING PRoBLeM

Thedistancelandscapestrategywillbediscussedinthissection.Accordingtothefitnessdistance
correlationmethod, the local fitness landscape featureswillbe representedandanalyzed for the
dynamic schedulingproblem.Thedistance landscape strategy relationshipof theRGVdynamic
scheduleproblemwillbedesignedandperformed.

4.1. Distance Landscape Strategy

For apopulation P X X X=
1 2
, , ,� ω{ } ,where each X x x x

i i i i
= ( ), , ,n

, , ,
1 2

�  is a solutionon Rn .
AccordingtotheFDCmethodandthecorrelationcoefficient,thedetailedstepsofdistancelandscape
strategyareasfollows:

Step 1:FindingtheoptimalsolutioninthecurrentpopulationanddenotingitasX * ,thencalculating
thedistancebetweeneach X i

i
, , , ,= 1 2� ω , and theoptimal solution X *  by the following

formula:
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d x x x x
i i j j

j

n

,
,

**( ) = −
=
∑

1

 (21)

Step 2:Thesetof{ }X X X
1 2
, , ,� ω correspondingtothedistancevalued x x

i
, *( ) calculatedabove

issortedaccordingtotherulefromlowtohigh,anditisdenotedask k k
1 2
, , ,� ω inorder.

Step 3:Initialization:Setθ=0tocalculatethefitnessfunction f i
ki
, , , ,= 1 2� ω �f

ki
,if f f

k ki i+
+ ≤

1
ε

k f
i ki
 ,thenθ θ =  + 1 ,whereε istheerrorvalue.Thisvalueisaddedtomaintainthediversity

of thepopulationandavoided the localoptimumorglobal convergence in the late stageof
optimization.

Step 4:Normalizingθ :

θ
µ−1

 (22)

whereµ isthepopulationsizeinthelocalfitnesslandscape, 0 1≤ ≤ϕ .Accordingtotheanalysis
andrepresentationoflandscapefeatures:Whenφ closeto0,thelocalfitnesslandscapeiscloserto
theuni-modaltopology,andwhenφ closeto1,thelocalfitnesslandscapeisclosertothemultimodal
topology.

4.2. Process of Solving the RGV Scheduling Model
Itisdifficulttoobtaintheglobaloptimalsolutiondirectlythroughthemodel,wedesignaheuristic
algorithm to obtain the approximate optimal solution by the distance landscape strategy for the
shortestloadingandunloadingofeachround.Thebasicstepsandprinciplesofthealgorithmare
describedinAlgorithm1.
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Fromthebeginningofprocessingforsolvingthesingle-procedureRGVschedulingsystem,by
consideringallhistoricaldemandsignalsandcurrentdemandsignals,wedesignedthisalgorithmto
findtheCNCthatcompletestheloadingandunloading,andrespondtothecurrentdemandsignal
oftheCNC,sothattheCNCcompletestheprocessofloadingandunloading.Thenthealgorithm
judgeswhethertowashthematerialaccordingtotheactualsituation.Repeattheaboveoperation.
Whentheaccumulatedtimeexceeds8hours,theiterationisterminated.

Fortheprocessingofthetwoprocedures,eachCNCcanonlyinstallonetooltoprocessone
materialatthesametime,andthetoolcannotbereplacedduringtheprocessingperiod.Thefirstand
secondproceduresneedtobeprocessedsuccessivelyondifferentCNC,andthecompletiontimeis
alsodifferent.EachCNCcanonlycompleteoneprocedure.Therefore,itisofgreatimportancefor
thereasonabledistributionofprocessingtools.

Foreach tooldistributionscheme, theheuristicalgorithmisconstructedwith thesame idea
as thealgorithmunderoneprocedure toobtain thecorrespondingapproximateoptimalsolution.
Accordingtothemulti-procedure,selectingtheoptimaltooldistributionschemeandthecorresponding
materialprocessingsituation.Everydistributionschememustexisttoolforprocedureoneandtool
forproceduretwosimultaneously,notallowingallCNCstoinstallthesametoolinashift.Then
traverse254distributionschemesandsolvethemaccordingtoAlgorithm2.



International Journal of Cognitive Informatics and Natural Intelligence
Volume 14 • Issue 3 • July-September 2020

31

Fromthebeginningofprocessingforsolvingthemulti-procedureRGVschedulingsystem,by
consideringallhistoricaldemandsignalsandcurrentdemandsignals,findingoutthefastestCNC
tocompletetheloadingandunloadingamongeightCNCwhosecurrenttargetprocedureisaccord
withtheprocedureitisresponsibleforRGVshouldrespondtotheCNCwhendemandsignalcomes,
headingtothisCNCtocompletetheloadingandunloadingprocess,thendeterminewhethertowash
thematerialinaccordancewiththeactualsituationandwhethertochangethetargetprocedure.Repeat
theaboveprocedureuntiltheaccumulationsexceed8hours,theloopisstopped.Accordingtothe
doubledecisionobjective,theAlgorithm2canfindouttheoptimaltooldistributionschemeandthe
correspondingmaterialprocessingcondition.

5. eXPeRIMeNTAL ReSULTS AND ANALySIS

InordertotesttheeffectivenessoftheRGVdynamicschedulingmodelbasedonthedistancelandscape
strategy,weusethreedifferentsetsofsystemoperatingparameterstocalculateandanalyzetheresults
toevaluatetheoperationalefficiencyoftheRGVschedulingstrategy.

5.1. Data Initialization
AccordingtothecharacteristicsofRGVinreal-lifescenarios,combinedwiththeactualrequirements
oftheRGVdynamicschedulingsystem,thethreesetsofparametersforinitializingtheintelligent
machiningsystemareshownintheTable2.Thedatainthistablereflectsthetimerequiredforthe
RGVandCNCworkprocesses.

5.2. The experimental Results
Accordingtotheprovidedsystemparametersandthreesetsofdata,combinedwiththeabovealgorithm
process,theschedulingresultsobtainedbyMATLABsoftwarefromTables3to8.

FromTable3toTable5theresultsshowthatthequantityandspecificexecutiontimeofmaterials
canbeprocessedbytheschedulingsystemduringprocessingaprocedurewithin8hoursfromthe
beginningtotheend.Fromthesetables,wecanfindthatinthesameprocessingtime,thenumber
ofprocessingmaterialsunderthethirdgroupofparametersisthelargest,reaching392;thesecond
groupistheleast,only359.

FromTable6toTable8,theresultsshowthatquantityandspecificexecutiontimeofmaterials
canbeprocessedbytheschedulingsystemduringprocessingtwoprocedureswithin8hoursfrom
thebeginningtotheend.Becausetherearetwoprocessingprocedures,thequantityofprocessed
materialsisobviouslylessthanthatofoneprocedure.Despitethis,thequantityofprocessingmaterials

Table 2. Parameter settings of system operation

System Operation Parameters Group 1 Group 2 Group 3

RGVtomove1unit 20 23 18

RGVtomove2units 33 41 32

RGVtomove3units 46 59 46

CNCtocompletesignalprocess 560 580 545

CNC1#,3#,5#and7#loadingandunloading 28 30 27

CNC2#,4#,6#and8#loadingandunloading 31 35 32

RGVtocompleteamaterialcleaningoperation 25 30 25
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Table 3. The results of the first group under one procedure

The Number of Materials The Number of CNCs The Time of Loading The Time of Unloading

1 1 0 588

2 2 28 641

3 3 79 717

4 4 107 770

5 5 158 846

6 6 186 899

7 7 237 975

8 8 265 1028

9 1 588 1176

10 2 641 1232

� � � �

380 4 27956 28547

381 5 28032 28623

382 6 28085 28676

Table 4. The results of the second group under one procedure

The Number of Materials The Number of CNCs The Time of Loading The Time of Unloading

1 1 0 610

2 2 30 670

3 3 88 758

4 4 118 818

5 5 176 906

6 6 206 966

7 7 264 1054

8 8 294 1114

9 1 610 1238

10 2 670 1446

� � � �

357 5 27910 28538

358 6 27970 28598

359 7 28058 28686
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Table 5. The results of the third group under one procedure

The Number of Materials The Number of CNCs The Time of Loading The Time of Unloading

1 1 0 572

2 2 27 624

3 3 77 699

4 4 104 751

5 5 154 826

6 6 181 878

7 7 231 953

8 8 258 1005

9 1 572 1114

10 2 624 1201

� � � �

390 6 27997 28574

391 7 28072 28649

392 8 28124 28701

Table 6. The results of the first group under two procedures

The Number 
of Materials

The Number 
of CNCs 

With 
Procedure 

One

The Time of 
Loading

The Time of 
Unloading

The Number 
of CNCs 

With 
Procedure 

Two

The Time of 
Loading

The Time of 
Unloading

1 1 0 428 2 456 898

2 3 48 532 4 560 1002

3 5 96 636 6 664 1106

4 7 144 740 8 768 1210

5 1 428 870 2 898 1340

6 3 532 974 4 1002 1444

7 5 636 1078 6 1106 1548

8 7 740 1182 8 1210 1652

9 1 870 1312 2 1340 1782

10 3 974 1416 4 1444 1886

� � � � � � �

251 5 27598 28040 6 28068 28510

252 7 27702 28144 8 28172 28614

253 1 27832 28274 2 28302 28744
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Table 7. The results of the second group two procedures

The Number 
of Materials

The Number 
of Cncs With 

Procedure 
One

The Time of 
Loading

The Time of 
Unloading

The Number 
of CNCs 

With 
Procedure 

Two

The Time of 
Loading

The Time of 
Unloading

1 2 0 315 1 350 880

2 4 58 433 3 468 998

3 6 116 551 5 586 1116

4 8 174 669 7 704 1275

5 2 315 940 1 880 1429

6 4 433 805 3 998 1574

7 6 551 1081 5 1116 1665

8 8 669 1335 7 1275 1805

9 2 805 1199 1 1429 1959

10 4 940 1489 3 1537 2077

� � � � � � �

209 8 27305 27835 1 27929 28459

210 2 27459 27989 3 28047 28577

211 4 27577 28107 5 28165 28695

Table 8. The results of the third group under two procedures

The Number 
of Materials

The Number 
of CNCs 

With 
Procedure 

One

The Time of 
Loading

The Time of 
Unloading

The Number 
of CNCs 

With 
Procedure 

Two

The Time of 
Loading

The Time of 
Unloading

1 1 0 482 2 509 958

2 3 45 584 5 629 838

3 4 72 908 2 958 1189

4 6 122 681 8 731 1407

5 7 172 788 5 838 1074

6 1 58 1015 5 1074 1310

7 3 482 1144 2 1189 1671

8 6 584 1278 5 1310 1546

9 7 681 1380 8 1407 1889

10 4 788 1496 5 1546 1787

� � � � � � �

242 1 27576 28132 5 28191 28400

243 6 27692 28243 8 28293 None

244 7 27794 28350 5 28400 28640
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underthefirstgroupofparametersreachesthemaximumwith253,whilethequantityofprocessing
materialsinthesecondprocessisstilltheminimumwithonly211.

InordertomoreclearlyseetheoperationofRGVinashift,usingmatplotliblibraryofPython
languagetodrawthechangesofCNCinvolvedinprocessingovertime,whichcanalsoberegarded
astherunningrouteofRGVshowninFigure2.

Asfortwoproceduresscheduletask,onthepremiseofsatisfyingthefastestandmaximumfor
materialsatthesametime,theresultsareobtainedbyusingthedistancelanscapestrategyalgorithm
designedinthispaperforthreegroupsofdifferentparametersoptimization.Thetooltypesareshown
inTable9.

Inthistable,FdenotesthetoolusedbyCNCinprocedureone,andSdenotesthetoolusedby
CNCinproceduretwo.

Atthesametime,accordingtotheAlgorithm2, threedifferent toolallocationscenariosare
obtainedforthreegroupsofdifferentparametersinTable9.Accordingtothetoolallocationinthe
tableandtheschedulingroutesinFigure3,becausethedistributionofCNCinprocedureoneandtwo
aredifferent,theschedulingroutesandexecutioncyclesofRGVtoperformloadingandunloading
tasksarealsodifferent.

ItcanbeseenthatthedynamicschedulingofRGVpresentsaveryregularperiodicity.Withina
shift(8hours),thedensityofparallellinesinthesecondgroupissmall,andthedensityofparallel
linesinthethirdgroupislarge.ThisalsoconfirmedthatthenumberofCNCprocessedmaterials
inthesecondgroupofparameterswaslessandthenumberofCNCprocessedmaterialsinthethird
groupwasmore.Inaddition,comparingtheschedulingroutesofoneprocessunderthreedifferent
parameters,itcanbefoundthatthedifferenceofparametersdoesnothavemuchinfluenceonthe
RGVschedulingroute.TheschedulingrouteofRGVisverysimilartotheinternaldiskscheduling
algorithmofthecomputer.

Figure 2. The RGV scheduling route under one procedure
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Byobservingtheschedulingroutesunderthreeparameters,wecanfindthatthefirstgroupof
parametersisbasicallythesameastheRGVschedulingroutesunderthesecondgroupofparameters,
butbecauseofthedifferenceinthetimeofCNCexecutingthetwoprocedures,theoutputofthe
finishedmaterialisalsodifferent.Inaddition,comparedwiththethirdgroupofRGVscheduling
routes,itcanbefoundthatthetoolallocationratioofthefirstandsecondgroupis3:5,whilethetool
allocationratioofothertwogroupsare4:4,sotheschedulingpathhaschangedalot.

5.3. Analysis of the experimental Performance
Agoodschedulingmodelcanshortentheproductioncycle,reducetheproductioncosts,improvethe
productionefficiencyandothergoals,andthenimprovetheeconomicbenefitsofthesystem.The
dynamicschedulingmodelofRGVdirectlyaffectstheproductioncapacityoftheintelligentmachining
system.Inordertoanalyzetheperformanceoftheintelligentschedulingstrategydesignedinthispaper,

Table 9. The tool types under three groups parameters

CNC i#
Tool Types

Group 1 Group 2 Group 3

CNC1# F S F

CNC2# S F S

CNC3# F S F

CNC4# S F F

CNC5# F S S

CNC6# S F F

CNC7# F S F

CNC8# S F S

Figure 3. The RGV scheduling route under two procedures
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weintroducetheexpectednumberofprocessedmaterials,andcalculatethetotalnumberoffinished
materialsintheidealstateofCNCuninterruptedwork(nowaitingsituation).Analysistheratioof
theactualnumberofprocessedmaterialstotheexpectednumberofprocessedmaterialsanduseitas
theexecutionefficiencyofthedynamicschedulingmodeltoreflecttheperformanceofthemodel.

FromtheTable10abouttheefficiencyofthemodelwiththreeparametersunderoneprocedure,
whenfinishingamaterialneedsonlyoneprocedure,alargenumberoffinishedmaterialswillbe

processedbyCNCwiththreesetsofdifferentparameters,andtheexecutionefficiencywillmore
than95%.

FromtheTable11abouttheefficiencyofthemodelwiththreeparametersundertwoprocedures,
whenfinishingamaterialneedstwoprocedures,theschedulingefficiencyishigheronlyunderthe
firstgroupofparameters,andonlyabout75%intheothertwogroups.

TheRGVdynamicschedulingmodeldesignedinthispaperissimpleandeasytounderstand,it
canusethedistancelandscapestrategyalgorithmtoobtainanidealschedulingscheme,andquickly
findtheoptimalallocationschemeofthequantityandpositionofeachmaterial,whichshowsthe
practicabilityandeffectivealgorithmofthisRGVdynamicschedulingmodel.

Butatthesametime,fortheRGVschedulingmodelwithoneprocedure,intheactualmaterials
procession,therewillbeatimedelayinthewholeprocessofsignalsendingandreceivinganaction,
whichisnotconsideredbythemodel.However,whenthenumberofCNCorprocessingprocedures
increase,thesolvingtimeofthemodelwillincreaseexponentially,sotheeffectivenessofthealgorithm
isnotverystrong.

Inactualproduction,thedelaytimewillbedeterminedbyavarietyofrandomfactors,soafixed
approximatedelaytimecanbeusedtoreplaceitandincorporateitintothecalculationofthemodel
willminimizetheerror.WhenthenumberofCNCincreases,geneticalgorithm,antcolonyalgorithm,
andotherapproximateoptimal solutionalgorithmscanbeused tocalculate the tooldistribution
schemeandimprovethecomputationalefficiency.

Table 10. The execution efficiency of the RGV scheduling model under one procedure

Performance Group 1 Group 2 Group 3

Actualquantity 382 359 392

Expectedquantity 390 374 400

Executionefficiency 97.95% 95.99% 98.00%

Table 11. The execution efficiency of the RGV scheduling model under two procedures

Performance Group 1 Group 2 Group 3

Actualquantity 253 211 244

Expectedquantity 273 271 330

Executionefficiency 92.67% 77.86% 73.94%
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6. CoNCLUSIoN

Inthispaper,adistancelandscapestrategybasedonthefitnesslandscapeisusedtosolvethedynamic
scheduling problem of RGV. With the development of our science and technology, the modern
intelligentlogisticssystemhasbeenconstantlyimproved.Inordertomakeupfortheproblemsof
lowefficiencyandhighmaintenancecostexposedbygeneralautomationsystemandwarehouse,the
RGVdynamicschedulingmodelcanbeeasilyconnectedwithotherlogisticssystemstoautomatically
transport,cleanandprocessmaterials.Inaddition,itneedsnohumanoperationandrunsfast.Thus,
theworkloadofwarehousemanagersissignificantlyreduced,andlaborproductivityisimproved.
Meanwhile, the application of shuttle vehicles can make the logistics system very simple and
convenient.AreasonableRGVschedulingstrategyalsoprovidesmorespaceforitsdevelopmentin
industrialproduction,terminalsequencing,cloudschedulingsystemandotherfields.
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