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Abstract　MobileCrowdSensing(MCS)isapromisingsensingparadigmthatrecruitsuserstocooperativelyperformsensing
tasks．Recently,unmannedaerialvehicles(UAVs)asthepowerfulsensingdevicesareusedtoreplaceuserparticipationandcarry
outsomespecialtasks,suchasepidemicmonitoringandearthquakesrescue．Inthispaper,wefocusonschedulingUAVstosense

thetaskPointＧofＧInterests(PoIs)withdifferentfrequencycoveragerequirements．Toaccomplishthesensingtask,thescheduling
strategyneedstoconsiderthecoveragerequirement,geographicfairnessandenergychargingsimultaneously．Weconsiderthe

complexinteractionamongUAVsandproposeagroupingmultiＧagentdeepreinforcementlearningapproach(GＧMADDPG)to

scheduleUAVsdistributively．GＧMADDPGgroupsallUAVsintosometeamsbyadistanceＧbasedclusteringalgorithm (DCA),

thenitregardseachteamasanagent．Inthisway,GＧMADDPGsolvestheproblemthatthetrainingtimeoftraditionalMADDPG

istoolongtoconvergewhenthenumberofUAVsislarge,andthetradeＧoffbetweentrainingtimeandresultaccuracycouldbe

controlledflexiblybyadjustingthenumberofteams．Extensivesimulationresultsshowthatourschedulingstrategyhasbetter

performancecomparedwiththreebaselinesandisflexibleinbalancingtrainingtimeandresultaccuracy．
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ChineseLibraryClassification　TP３９３

　

１　Intorduction

Withtheincreasingpopularityofwearabledevices,MoＧ

bileCrowdSensing (MCS)hasrecentlybecomeapromising
sensingparadigmbyrecruitinguserstoperformvarioussensＧ

ingtasks[１Ｇ２]．IthasbeenwidelyusedinenvironmentmonitoＧ

ring[３],intelligenttransportation[４],smartcities[５],etc．HowＧ

ever,forsomespecialtaskssuchasepidemicmonitoringand

earthquakesrescue,peoplewithsensingdevicescouldnotenＧ

terthetargettaskareas[６]．Tothisend,unmannedaerialvehiＧ

cles(UAVs)asthepowerfulsensingdevicesequippedwith

differentkindsofhighＧprecisionsensorscouldbeusedtoreＧ

placeuserparticipationandcarryoutthespecialcrowdsensing
tasks[７Ｇ８]．

Fig．１(left)showsanexampleofepidemicmonitoringby
UAVcrowdsensing,thereare４ UAVstakingofffromthe

samepoint(bottomrightcorner)and３chargingstationsin

themap．UAVsareusedtomonitortheflowofpeopleinsome

areaswithoutsensorsbyfrequentlycollectingdata(e．g．,phoＧ

tos)inthesePointＧofＧInterests(PoIs)．DifferentPoIsusually
havedifferentfrequencycoveragerequirements．Forexample,

becauseofdifferentcrowdintensity,a monitoringtaskreＧ

quires１timeperhalfanhourattheintersection,while１time

perhouratthelakeside．Specially,１timeperhour means

sensingmorethanonetimesinacertainhourisregardedas

onlysensingonce．Each UAV hasitsownflightpath,and

UAVscompletethePoIsensingtasktogether．Therearelots

ofsimilarscenariosin precisionagriculture,environmental

monitoringandsoon．

InthescenarioofFig．１,weneedtodesignascheduling
algorithmforUAVstomeetthefrequencycoveragerequireＧ

mentsasmuchaspossible．Meanwhile,thefairnessofdiffeＧ

rentPoIsisalsoimportant,whichmeanscoveringsomePoIs

toomanytimeswhileleavingotherPoIsuncoveredisnotsuitＧ

able．Inaddition,becauseofthelimitedinitialenergyreserve,

UAVsshouldkeepbalancingbetweendatacollectionandenＧ

ergycharging．Hence,thisproblem turnsintoproposinga

schedulingalgorithmtakingfrequencycoveragerequirement,

geographicfairnessandenergychargingintoconsideration

simultaneously．Someexistingapproachessolvethesimilar

schedulingproblembyoptimizationtheory,dynamicprogramＧ

mingorcentralizedreinforcementlearning (RL)．Zhanget



al．[９]scheduled mobilechargerstodeliverenergytosensor

nodescollaborativelybyadynamicprogrammingalgorithm
“PushWait”．Suchapproachcouldnotbeusedtosolveour

problembecauseitneedstogivedefinitepayＧofffunction．ObＧ

viously,inourproblem,manyobjectivesneedtobeachieved

simultaneouslyandtheinfluenceamongUAVsissocomplex

thatquantifyingtheeffectwhenanUAV makesadecisionis

almostimpossible．ThecentralizedRLcouldnotalsobediＧ

rectlyusedinourproblembecauseUAVscannotcommunicate

inrealtimeforsuchalargetargetarea,thuswecannotknow

thestrategiesofeach UAV．Hence,howtoscheduleUAVs

distributivelyunderconsideringtheirinteractionisthefirst

challenge．Todealwiththis,weproposetoformulateour

problembasedonmultiＧagentDDPG (i．e．,MADDPG)[１０]and

regardeachUAVasanagent．Inthisway,wecouldlearnpoＧ

liciesthatrequirecomplex multiＧagentcoordinationthrough

thehistoricalfeedbacks．ThenagentsmakedecisionsdistribuＧ

tivelyaccordingtothetrainingresults．

Fig．１　UAVfrequencyＧbasedcrowdsensing

Someexistingworksuse MADDPGtoscheduleUAVs

buttheyconcentrateonefficientdatacollection．Inthese

works,thereisalargeamountofdataineachPoI,oncean

UAVreachesacertainPoI,itcansensedataunlessthedataof

thisPoIhavebeencompletelysensed[６,１１Ｇ１２]．However,inour

problem,wefocusonsensingPoIswithfrequencycoverage

requirements．UAVsonlycangetaneffectivedatawhenthe

PoIstillneedstobesensed．VisitingonePoIfrequentlymay
notget moreneededdata,soabetterschedulingstrategy
mightbetoscheduleallUAVstopatrolthePoIs．Hence,the

secondchallengeishowtoreＧadjustrewardfunctionsothat

MADDPGissuitabletosolvethisfrequencycoveragescheduＧ

lingproblem．Tomeetthischallenge,weaddanewfunctionto

therewardfunction,itreturnsanimmediaterewardbyconsiＧ

deringcoveragetimeandotherUAVs’actions．

Moreover,thenumberofagentsinexisting MADDPG

worksusuallyrangesfrom１to５[１１Ｇ１２],researchresultsshow

thatalargenumberofagentsmakethetrainingtimetoolong
toconverge．Inourpatrolschedulingscenario,becauseofthe

largecrowdsensingareaandfrequencycoveragerequirements,

lotsofUAVsareneeded,soshorteningtrainingtimeisnecesＧ

sary．MeanfieldapproximationisanapproachtosolvethisisＧ

sue[１３],itshortensthetrainingtimefixedlyandleadstoa

fixedlossinresultaccuracy meanwhile．However,thefixed

reductionsoftrainingtimeandresultaccuracymaynotsatisfy
thespecifictaskdemands．Soabetterwayshouldcontrola

tradeＧoffbetweenthemaccordingtotaskdemands．Hence,the

thirdchallengeishowtobalancethetrainingtimeandresult

accuracyflexibly．Todealwiththis,weproposeagrouping
multiＧagentdeepreinforcementlearningapproach GＧMADＧ

DPG．Specifically,adistanceＧbasedclusteringalgorithm DCA

isproposed to group all UAVsinto some “multiＧagent

teams”．WeuseGＧMADDPGtoscheduletheroutesofeach

teaminsteadofschedulingallUAVs．AnequivalenttransforＧ

mationfromUAVstoteammakessurethatthecoverageabiＧ

lityofeachteamisproportionaltothenumberofUAVsinit．

Thenafterdeterminingtheschedulingstrategyofeachteam,

eachUAVpatrolsalongtherouteofitsteam withacertain

startingtimedifference．AsshowninFig．１(right),４UAVs

aregroupedinto２teams．Eachteamhas２UAVsandeach

UAVfliesalongthetrajectoryoftheirownteam．Inthisway,

GＧMADDPGcontrolsthetradeＧoffbetweentrainingtimeand

resultaccuracyflexiblybyadjustingthenumberofteams．

Insummary,ourmaincontributionsareasfollows:

(１)WeprovethattheproblemofschedulingUAVsto

sensePoIswithfrequencycoveragerequirementsisNPＧhard,

andformulatetheproblem basedon multiＧagentdeepreinＧ

forcementlearningmodel．
(２)WereＧadjusttherewardfunctionof MADDPG by

addinganewfunctionwhichreturnsanimmediaterewardby
consideringcoveragetimeandotherUAVs’actionsfordealＧ

ingwiththefrequencycoveragerequirements．
(３)WeproposeagroupingapproachGＧMADDPGanda

distanceＧbasedclusteringalgorithm DCAtobalancethetraiＧ

ningtimeandresultaccuracyflexibly whenthenumberof

UAVsislarge．
(４)Weconductextensivesimulations,resultsshowthat

ourstrategyperformswellandcanbalancethetradeＧoffbeＧ

tweentrainingtimeandresultaccuracy．

２　RelatedWork

２．１　TaskAllocation

ThereareplentyofexistingworksthatfocusontaskalＧ

locationinMCS．In[１４],theauthorsproposedapersonalized

privacyＧpreserving task allocation framework for mobile

crowdsensingthatcanprovidepersonalizedlocationprivacy

protection．Wangetal．[１５]aligntasksequenceswithcitizen’s

mobilityandstudythetaskallocationproblemasapattern

matchingproblem．Inaddition,UAVswhichequipdifferent

kindsofhighＧprecisionsensorshavebeenusedin moreand

moresensingtasks[６Ｇ８]．Theworkof[１６]proposesanovel

frameworktocontrolUAVscollectingmostrequireddatain

thesensingregion,butassumesonlyoneUAV．Liuetal．conＧ
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sideredagroup of UAVsto providedatacollectionserＧ

vices[６,１１]．AlthoughsomeworksstudytheproblemofUAV

crowdsensing,thescenariostheyconsideraredifferentfrom

ourscenariowheredifferentPoIshavedifferentfrequencyreＧ

quirements．

２．２　DeepReinforcementLearning
Recently,reinforcementlearning has been considered

quitesuccessfultosolvecomplexsequentialdecisionＧmaking

problems,which can be described by a Markov Decision

Process(MDP)．Deepreinforcementlearning(DRL)suchas

DeepQＧlearning(DQN)[１７],A３C[１８]andsoon[１９Ｇ２０],usesdeep
neuralnetworks(DNNs)formodelrepresentation．FurtherＧ

more,multiＧagentRLisproposedtodealwithmoredynamic

andcomplexenvironments[２１]．Intheworkof[２２],theauＧ

thorsproposedanovelmultiＧagentRLframework (GCCＧ

MARL)tosolvetheproblemthatleveragesforＧhirevehicles

tocollectcityＧscalesensorydata．Loweetal．[１０]proposedthe

multiＧagentdeepdeterministicpolicygradient(MADDPG)for

cooperativeorcompetitivescenarios．Someexisting works

solvecomplexdatacollectionproblemsby MADDPG[１１Ｇ１２]．

However,theseworkspayattentiontodatacollectionvolume

notfrequencycoveragerequirements,nordotheyconsider

flexiblecontrolofthetradeＧoffbetweentrainingtimeandreＧ

sultaccuracywhenthetrainingtimeistoolongduetothe

largenumberofagents．

３　System ModelandProblemDefiniton

３．１　System Model

Withoutlossofgenerality,weconsiderthatthereisaset

U＝{u|u＝１,２,􀆺,U}ofUAVswhichcanfly,sensedataand

chargethemselvesina２Dtargetarea．Inourmodel,thetarget

areaissquareandhasafixedborderthatUAVscannotgobeＧ

yond．Besides,theentiretargetareaisdividedintoequalsize

squaregrids．WeassumethatthereisasetofPoIs,denotedas

P＝{p|p＝１,２,􀆺,P}inthetargetarea．ThesePoIsmayhave

differentfrequencysensingrequirements,denotedasD＝{d|

d＝１,２,􀆺,D}．LetsetC＝{c|c＝１,２,􀆺,C}beCcharging
stationsdeployedinthearea,eachofthemassociatesenough

energyandcanchargeenergyforeachUAV．Weassumethat

adatacollectiontasklastsforsomehoursanditisdiscretized

intoequallengthtimesteps,i．e．,Ttimeslots．Inthebeginning
ofthetask,allUAVsareequippedwithfullenergyeu

０,∀u∈

UatthesametakeＧofflocation．Thenateachtimeslott,each

UAVtakesanactionsimultaneously．Theydecidetoflytoa

neighborhoodorstay,sensedataorchargeenergy．Weassume

thatsensingdatasuchastakingaphotowouldnottakemuch

time,itcanaccomplishinthecurrenttimeslot．Inaddition,we

definetheUAV’ssensingcapacityasitssensingrangeR,

i．e．,foranyPoIp∈PinrangeRisconsideredtobecollected,

foranychargingstationc∈CinrangeRisconsideredtobe

charged．WeassumethatUAVscostsomeenergywhenthey
takeanaction,denotedasφu,∀u∈U．Specifically,anUAV

costsen energyforflyingtoneighborhood,esforstayingin

placeandedforsendingdata．Apparently,theenergycarried

byUAVsdecreasesovertime,soUAVsneedtodetermine

whenandwheretochargeintimetoavoidstoppingworking
orcrashing．Weassumethatachargingstationcansupplya

portionofUAV’sfullenergyinonetimeslot．IfUAVisnot

fullyetafterchargingonetimeslot,itcanmakeadecisionto

gooncharginginthenexttimeslotorflyaway,buteach

UAVcannotcarrymoreenergythanitscapacityeu
０．

３．２　ProblemDefinition

Inourproblem,whenataskfinishes,wecalculatethe

sumtimesthatallUAVscollect,whichisdenotedbyDT,as:

DT＝∑
P

p＝１
φ(p) (１)

whereφ(p)denotesthetotalcollectedtimesofPoIp．

ThenoneofourobjectivesistomaximizeDT．However,only
consideringthecollectedtimesmayleadtoanunfaircollection

processwhichisnotusefulenoughforourproblemthatmoniＧ

torstheflow ofpeopleduringtheepidemic．Therefore,we

considerthegeographicalfairnessofcollecteddataamongall

PoIs,whichisdefinedbytheJain’sfairnessindex[２３]as:

GT＝(∑
P

p＝１
ψ(p))２/P∑

P

p＝１
ψ(p)２ (２)

ψ(p)＝φ(p)/np (３)

wherenp denotesthetotaltimesneededofPoIp,and

ψ(p)isthecollectionratioofPoIp,i．e．,thecollectedtimesof

PoIpdividesthetotaltimesneededofPoIp．Obviously,the

closerthecollectionratiosofeachPoIare,thehighergeoＧ

graphicalfairnessis．Thenanotherobjectiveisto maximize

GT．Besides,weneedtoensurethatduringthetask,each

UAVwon’tworkabnormallyduetolackofenergy．

Tosumup,weneedtofindastrategyπwhichcanconＧ

sidertotalcollectedtimes,geographicalfairnessandenergy
simultaneously,whichischallenging．Ontheonehand,we

needtoconsiderfrequencycoveragerequirementsandinteracＧ

tion．Inourproblem,somePoIs mayhavehigherrequireＧ

ments,soUAVsneedtomovebacktosensethemfrequently．

Besides,multipleUAVscompletethesensingtasktogether,so

eachUAV’sactionneedstoconsiderotherUAVs’influence．

Ontheotherhand,weneedtoconsiderdynamicalenvironment

andcharging．Ateachtimeslot,theentireenvironmentchanＧ

gesitselfbecausesome PoIs may besensed,UAVs may
changetheirlocationandremainingenergy．Moreover,foreach

UAV,whenandwheretochargeisanissue．ChargingatdifＧ

ferenttimeand differentcharging stations mayinfluence

whetherUAVsmissthesensingdemandsofPoIs．Chargingat

anappropriatetimecanprovideadequatesupportforfuture

sensing．Similarly,goingtodifferentchargingstations may
makeUAVsindifferentsurroundings,whichmayimpactthe
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totalsensingtimesandthecooperationamongallUAVs．

３．３　NPＧhardProof

Theorem１　OurUAVsschedulingproblemisNPＧhard．
Proof．ThemainideaistoreducetheorienteeringprobＧ

lem[２４]whichisNPＧhard,toaspecialcaseofourproblem．We

consideraspecialcase withthefollowingrestrictions．Let

|U|＝１and|C|＝０,thatisthereisonlyoneUAVandno

chargingstation．TheUAVcannotchargeduringthetask,

thereforeitonlyhastheinitialfullenergythatitcarriesatthe

beginningofthetask．WealsosimplifythateachPoIonly
needstobesensedonetimeduringthewholetask．InthisspeＧ

cialcase,ourproblemistofindaschedulingstrategyforthis

UAVtomakeitflyaroundtheenvironment,andthegoalisto
maximizethetotalsensingtimesonly．BecausewheneachPoI

onlyneedstobesensedonce,thegeographicalfairnessisproＧ

portionaltothetotalsensingtimes．IntheorienteeringproＧ

blem,thereisasetofverticesandeachonehasascore．The

goalistodetermineapathoflimitedlengthwhichvisitssome
verticestomaximizethesumofcollectedscores．Therefore,

theorienteeringproblemisreducedtoaspecialcaseofour

UAVsschedulingproblemandourUAVsschedulingproblem

isNPＧhard．

４　ProblemFormulation

Wemodelourproblem asa Markovdecisionprocess
(MDP),definedasafivetuple‹S,O,A,R,γ›．

(１)State:Wedenotethatstatehasthreeparts,S＝{st＝
(S１,S２,S３)}．S１isthegeographicalinformationofPoIsand
eachPoI’sfrequency coveragerequirements,i．e．,S１ ＝
{px,py,dp}p∈P,wherepx,pydenotethecoordinatesofPoIp
inthetargetarea;S２istheUAVspositionandtheirremaining
energy,i．e．,S２ ＝ {utx

,uty
,eu

t}u∈U ,whereutx
,uty denotethe

coordinatesofUAVuattimeslott;S３isthecollectedtimes
ofeachPoIattimeslott,denotedasφ(p)t,i．e．,ifaPoIpis
sensedattimeslott＋１,theφ(p)t＋１iscalculatedasφ(p)t＋１＝

φ(p)t＋１．S３isusedtocalculatecollectionratio,thenthecolＧ

lectionratioisusedtocalculatethegeographicalfairness

amongallPoIs．Thegeographicalfairnessistoensurethedata
diversity．

(２)Observation:TheobservationofeachUAVincludes

itsownposition,remainingenergyandtheconditionofits

eightneighbors．Specifically,theconditionofitsneighborsinＧ

cludeswhetherthereisaPoIthatneedstobecollected,

whetherthereisachargingstation,whetherthereareother

UAVs,whethertheneighboristhefixedborder,whether

therearebothPoIsthatneedstocollectedandotherUAVs

andsoon．Theobservationcanbedenotedasou
t ＝{(utx

,uty
,

eu
t,ou

t０,ou
t１,􀆺,ou

t８)},whereou
tidenotestheconditionofUAV’s

ownpositionanditsneighbors,sothenumberofou
tiisnine．

(３)Action:WedenotetheactionasA＝{at＝(a１
t,a２

t,􀆺,

au
t)}．Ateachtimeslott,eachUAVtakesanactionau

tthatinＧ

dicateswhetheritstaysinthecurrentgridormovestooneof

eightneighbors．IfitreachesagridwherethereisaPoIwhich

needstobesensed,theUAVwillsensethedata．Ifitreaches

agridwheretherearechargingstations,itwillchargesome

energy．Allau
tcomposeat．

(４)Reward:Ateachtimeslott,UAVstaketheirownacＧ

tionau
t,thenthewholestateoftheenvironmentwillchange

andeachUAVuwillobtaintherewardru
t:

ru
t＝ftδu

t－ρu
t (４)

whereftrepresentsthegeographicalfairnesscalculated

by(２)．δu
tisanewfunctionaddedforfocusingonfrequency

coveragerequirements,whichrepresentswhetheranUAVu
collectsdatasuccessfully,soδu

t ∈ {０,１}．δu
t dependsontwo

points．ThefirstiswhetherthereisaPoIthatisstillneeded

tosenseatthistimeslotintheUAV’sposition．Anotherone

iswhetherthereareotherUAVsthattrytosensethedatain

thisposition．ρu
t representsthepenaltythatUAVureceives

whenithitsthefixedborderoritisclosetorunningoutof

energy．Specifically,thepenaltiesinthetwocasesarediffeＧ

rent．
(５)Discountfactorγ:Itshowstheimportanceoffuture

rewardcomparedtopresentrewardand０＜γ＜１．

ProblemFormulation:Ateachtimeslott,everyUAVdeＧ

terminesitsactionbasedonitsobservationandreceivescorresＧ

pondingrewardfromtheenvironment．ThestateofwholeenＧ

vironmentwillchangeovertime．ForeachUAV,theproblem

canbeformulatedas:

Vu
t(Ou

t)＝max
au
t

[ru
t(Ou

t,au
t)＋γVu

t＋１(Ou
t＋１)] (５)

Therefore,theoptimalstrategyofeachUAVisgivenby:

πu＝argmax
au
t

[ru
t(Ou

t,au
t)＋γVu

t＋１(Ou
t＋１)] (６)

Obviously,ourproblemcannotbesolvedbytraditional

optimizationmethod,becausewhenanUAVtakesanaction,

thefuturerewardfromthisactioncannotbecalculatedpreＧ

cisely．Besides,ourscenarioisamultipleUAVsenvironment,

thereisinfluenceamongUAVs,anUAV’srewardisaffected

byothers．DifficultrealＧtimecommunicationmakescentralized

RLinfeasible．Inthisway,weopttosolveourproblembased

on MADDPG．Moreover,becauseoflargeagents,balancing
thetrainingtimeandresultaccuracyflexiblyischallenging．

５　SchedulingStrategy:GＧMADDPG

５．１　Overview

In this section,we propose our scheduling strategy
GＧMADDPG,whichisagrouping multiＧagentdeepRLapＧ

proachthatgroupsallUAVsintosometeams．Firstofall,we

assumethatwehavedeterminedthenumberofteamsandthe

numberofUAVsineachteam,thenweregardeachteamas

anagent,discussthesystemflowoftheteamsinteractingwith
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environmentanddetermineteamsschedulingstrategy．Next,

wefocusonthedetailsofGMADDPG,includingatimeinterＧ

valflyingpatternforUAVsandadistancedＧbasedclustering
algorithm DCA．Thisflyingpatternfor UAVsensuresan

equivalentresultasteamstrategyandDCAcangroupUAVs

intoteamsandadjustthenumberofteams．Finally,wesumＧ

marizetheflowofGＧMADDPG．

５．２　SchedulingofMultiＧagentTeam

WeassumethatUAVshavebeengroupedintoasetof

teams,denotedasV＝{v|v＝１,２,􀆺,V}．Thenwedetermine

teamschedulingstrategybasedonmultiＧagentdeepdetermiＧ

nisticpolicygradientmethod;weregardeachteamasanagent

andthewholeframeworkisshownasFig．２．
(１)TakingActionafterObservation:Atthebeginningof

thetimeslott,eachteamgetsitsownobservationov
tfromthe

environment．ov
tisthesameastheformofUAVsobservation,

soov
t＝{vtx

,vty
,ev

t,ov
t０,ov

t１,􀆺,ov
t８}．ThenbasedonthisobserＧ

vation,eachteamdecidesanactionav
ttotakebyitsactornetＧ

work．Thisprocesshappensonallteamsandallav
t compose

at．Thentheyexecutetheirownaction．
(２)StoringTransitions:Afterallteamshaveperformed

actions,theenvironmentreturnscorrespondingrewardrv
t to

eachteamcalculatedby (４)．Next,theenvironmentupdates

thestate,includingeachPoI’scollectionφ(p)t,teams’locaＧ

tion(vtx
,vty

)andtheirremainingenergyev
t．Finally,each

teamvisinanewstatest＋１andgetsanewobservationov
t＋１．

Hence,wecangetafourtuple‹ot,at,rt,ot＋１›foreverytime

slotasshowninthebottomrightcornerofFig．２,whereot,

ot＋１,at,rtareconsistedofallteams’observations,actionsand

rewardscorrespondingly．Inaddition,thesetuplesatdifferent

timeslotsarestoredinareplaybufferfortraining．
(３)TrainingProcess:Aswecanseefrom Fig．２,each

teamisimplementedwithfourDNNs,whichareactornetＧ

workπv(ov
t),criticnetworkQv(ov

t,at)andtheirtargetnetＧ

worksπ′v(ov
t),Q′v(ov

t,at)．Theactornetworkπv(ov
t)isused

todetermineanactionforteamateachtimeslot．Thecritic

networkQv(ov
t,at)isusedtoestimatetherewardofdifferent

observationsandactions．Forexample,afterateamvhasobＧ

servedtheenvironmentandperformeditsaction,thenexttime

thisteamobtainsthesameobservation,iftheteamexecutesa

differentactionandgetsabiggerreward,thentheactornetＧ

workshouldincreasetheprobabilityoftakingthenewaction．

TargetnetworksQ′v(ov
t,at)andπ′v(ov

t)areusedtohelpstaＧ

bilizelearning．Theirparametersareperiodically“soft”updaＧ

tedwiththemostrecentparametersofQv(ov
t,at)andπv(ov

t)．

Hence,weproposethemethodtoupdatenetworks．During
training,wefirstsampleaminiＧbatchofNtransitionsfromreＧ

playbuffer．Foreachteamv,itstargetactornetworkπ′v(ov
t)

givesatargetactiona′v
t＋１ withgivenobservationov

t＋１fromthe

miniＧbatch．ThenthecriticnetworkQvisupdatedbyminimiＧ

zingalossfunctionL(θQv )as:

L(θQv )＝E[Qv(ov
t,a１

t,a２
t,􀆺,aV

t|θQv )－yv
t]２ (７)

whereθQv denotestheparametersofthecriticnetwork,

andthefirstpartQvistheQＧvaluewithobservationsandacＧ

tionsfromthereplaybuffer,andthesecondpartyv
tisthetarＧ

getQＧvaluewhichiscomputedby:

yv
t＝rv

t＋γQ′v(ov
t＋１,a′１

t＋１,a′２
t＋１,􀆺,a′V

t＋１|θQ′v ) (８)

Obviously,thekeyofupdatingthecriticnetworkistoreＧ

ducethedifferencebetweenthepredictedrewardandrealreＧ

ward,whichistoimprovetheaccuracyofprediction．Note

thatwhenpredictingthereward (i．e．,thetargetQＧvalue),

boththeimmediaterewardrv
tandthepossiblefuturereward

Qv′aretakenintoconsideration,andtheparameterγisused
tobalancetheimportanceofpossiblefuturereward．

Fig．２　Teamschedulingframework
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　　Next,πvisupdatedbyusinggradientsas:

Ñθ
πvJ＝E[Ñθ

πvπv(o|θπv )|o＝ov
t
􀅰ÑaQv(o,a１

t,a２
t,􀆺,aV

t|

θQv )|av
t＝πv(ovt)] (９)

whereθπv denotestheparametersoftheactornetwork．

Finally,thetwotargetnetworksareupdatedsoftlyas:

θQ′v ＝τθQv ＋(１－τ)θQ′v (１０)

θπ′v ＝τθπv ＋(１－τ)θπ′v (１１)

where０＜τ＜１．
(４)TestingProcess:AftertrainingtheDNNsforeach

team,themodel(i．e．,theparametersinfournetworks)is

savedfortesting．Duringtesting,weonlyneedthetrainedacＧ

tornetworkπv(ov
t)．Itproducesanactionav

tbygoingthrough

theDNNofweightsθπv ,whengiventeamv’sownobservaＧ

tionov
t．Thenaftertakingthisaction,theenvironmentgivesa

rewardrv
tandchangesv’sobservationtoov

t＋１,andteamvconＧ

tinuestodeterminenextaction．Therefore,ouralgorithmdoes

notneedanycommunicationamongteamsduringexecution

phase．Eachteamcanmakeitsdecisionbyitsownobservation

whichreflectsthatourGＧMADDPGisadistributedstrategy．

ThedetailedalgorithmisshowninAlgorithm１whichinＧ

cludesthetrainingprocessandenvironmentinteractions．At

thebeginning,foreachteamv,weinitializeitscriticnetwork

QvandactornetworkπvrandomlywithweightθQv andθπv reＧ

spectively (line２)．Twotargetnetworks withparameters

θQ′v ,θπ′varecopiedfromtheircriticandactornetworks(line

３)．ThenweinitializereplaybufferBwhichisusedtostore

transitions(line４)．Ineachepisode,weinitializeenvironment

andobtaintheinitialstates０．Thenthedatasensingwhich

lastsforTtimeslotsstarts．Atthebeginningoftimeslott,

eachteamselectsanactionav
t ＝πθ

πv (ov
t)andaddsanoisefor

exploration(line９)．Thenenvironmentexecutesallactions

andgivesasetofrewardsrttoteams(lines１０－１１)．Next,

transition‹ot,at,rt,ot＋１›isstoredtoreplaybufferB,ifitis

full,theoldestonewillbedroppedout(lines１２－１４)．Ifthe

transitionsinreplaybufferareenoughfortraining,wesample

Ntransitionsandupdatecriticnetworkbyminimizingtheloss

function,actornetworkbyusinggradients．TwotargetnetＧ

worksaresoftlyupdatedcorrespondingly(lines１５－１７)．AfＧ

teradequatetraining,themodelissavedfortesting．

５．３　GroupingMultiＧagentDeepRLApproach

AsthenumberofUAVsincreases,theinteractionbeＧ

tweenUAVsandenvironmentgrowssimultaneously,moreoＧ

ver,theinteractionamongUAVsgrowsexponentially．These

twopointscausethetrainingconvergencespeedtobevery

slow．Inordertosolvethis,weproposeagroupingmultiＧagent

DRLmethodGＧMADDPG．ComparedwithmeanfieldapproＧ

ximationwhichmakesafixedtradeＧoffbetweentrainingtime

andresultaccuracy,ourmethodcancontrolthetradeＧoffflexiＧ

blyaccordingtospecifictaskdemands．Inpractice,someprobＧ

lemsfocusmoreonresultaccuracy,whileothersfocusmore

ontrainingtime,somakingaflexibletradeＧoffisneeded．

GＧMADDPGcontrolsthistradeＧoffflexiblybygrouping

allUAVsintodifferentnumberofteams．Itregardseachteam

asanagentandconsiderstheinteractionamongteams．Ifwe

groupallUAVsintomoreteams,wewillconsidertheinteracＧ

tionmoreaccurately,thentheresultaccuracywillbehigher

andthetrainingtimewillbelonger．Specially,ifwedon’t

group,wewillconsiderthemostnumberofagents,thenthe

resultwillbethebestandthetrainingtimewillbethelonＧ

gest．IfwegroupallUAVsintooneteam,wewillconsider

onlyoneagent,thenthetrainingtimewillbetheshortestand

theresultwillbetheworst．

FordetailsofGＧMADDPG,firstly,weclusterallUAVs

intoseveralteamsdynamicallybyconsideringspecifictaskreＧ

quirementsandscenarios．Wecalleachteam “multiＧagent

team”,andeachteamhasabiggerability,theirflyingspeedis

proportionaltothenumberofUAVsinit．Thepurposeofthis

istobeabletoobtainanequivalentUAVflightstrategyafter

determiningtheteam’sstrategy．Specifically,seebelowequiＧ

valenttransformation．Then wedetermineteam scheduling

strategyby Algorithm １．Finally,each UAV patrolsatits

originalspeedalongtherouteofitsteam withacertaintime

difference．

Algorithm１　TeamsSchedulingStrategy
Input:AsetofteamsV,asetofPoIsPwithfrequencycoveragereＧ

quirementsD,asetofchargingstationsC,discountfactorγ,

updaterateτ

Output:Actornetwork,criticnetwork,targetactornetwork,target

criticnetwork

１．forallteamv＝１,２,􀆺,Vdo

２．　InitializecriticnetworkQvandactornetworkπvrandomlywith

weightθQvandθπv

３．　InitializetargetnetworkQ′v＝Qv,π′v＝πv

４．InitializereplaybufferB

５．forallepisode＝０,１,􀆺,M－１do

６．　Initializetheenvironment,receiveinitialstates０

７．　foralltimeslott＝０,１,􀆺,T－１do

８．　　forallteamv＝１,２,􀆺,Vdo

９．　　　　Getcurrentobservationov
tfromtheenvironＧment,select

anactionav
t＝πθ

πv (ov
t)bythecurrentactornetworkand

addanoiseforexploration

１０． Executeat＝(a１
t,a２

t,􀆺,aV
t)inenvironment

１１． Environmentchangesstate,teamsobtainrewＧardrtandnext

observationot＋１

１２． Storetransition‹ot,at,rt,ot＋１›toB
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１３． ifBisfullthenthen

１４． RemovetheoldestexperiencefromB

１５． ifsize(B)≥Hthen

１６． SampleaminiＧbatchofNtransitionsfromB

１７． UpdatefournetworksbyAlgorithm２．

Algorithm２　UpdateFourNetworks

１．ComputethetargetQＧvalueinminiＧbatch:

２．yv
t＝rv

t＋γQ′v(ov
t＋１,a′１

t＋１,a′２
t＋１,􀆺,a′V

t＋１|θQ′v)

３．UpdatecriticnetworkθQv byminimizingtheloss:

４．L(θQv)＝E[Qv(ov
t,a１

t,a２
t,􀆺,aV

t|θ
Qv)－yv

t]２

５．Updateactornetworkθπv usinggradients:

６．Ñθ
πvJ＝E[Ñθ

πvπv(o|θπv)|o＝ov
t
􀅰

７．　　　ÑaQv(o,a１
t,a２

t,􀆺,aV
t|θ

Qv)|av
t＝πv(ov

t)]

８．Softlyupdatetheparametersoftargetnetworksby:

９．θQ′v＝τθQv ＋(１－τ)θQ′v

１０．θπ′
v

＝τθπv ＋(１－τ)θπ′
v

ThetimedifferenceistheratioofthetimethatanUAV

patrolsonceandthenumberofUAVsinthisteam．Fig．３

showsanexamplethatateamconsistsofthreeUAVs,left

partisteam’sflyingpatternandrightisUAV’sflyingpatＧ

tern．ThisintervalflyingpatternforUAVsmakesthesame

resultasteamstrategy,whichcanbeprovedasfollows:

Fig．３　Teamstrategyvs．UAVsstrategy

ThemainideaisprovingthatthePoIsontherouteisviＧ

sitedbythesametimeintervalunderthetwopatterns．WeasＧ

sumethatthelengthofteam’sflightpathunderthescheduＧ

lingstrategyissl,thespeedofUAVisvindiandthenumberof

UAVsintheteamisnteam,sothespeedoftheteamisvteam＝

vindi∗nteam．Whentheteampatrolsitsroute,thePoIwhichis

ontherouteisarrivedoncepertteam＝sl/vteamtimeslots．CorＧ

respondingly,whenUAVspatrolalongtheroutesimultaneＧ

ously,eachUAVarrivesthePoIoncepertindi＝sl/vinditime

slots．However,PoIsarevisitedbyallUAVsintheteam,so

thetimeintervalis:

tindi

nteam
＝sl/vindi

nteam
＝sl/(vteam/nteam)

nteam
＝ sl

vteam
(１２)

whichisthesameastheirteam,sothesetwopatterns

makeanequivalentresult．TakingFig．３asanexample,weasＧ

sumethepathlengthis６andUAV’sspeedis１,soteam’s

speedis３．Forteamstrategy,itvisitseachPoIontheroute

onceper６/３＝２timeslots,andforUAVsstrategy,eachPoI

isvisitedonceper(６/１)/３＝２timeslots．Thesetworesults

areequal．Similarly,theenergyconsumptionandchargingconＧ

ditionsofthetwomethodsarealsothesame．

AnotherkeyforGＧMADDPGishowtoclusterallUAVs

intoseveralteamsaccordingtothespecifictaskandscenarios．

WeproposeadistanceＧbasedclusteringalgorithm DCA to

solvethis．Firstly,weclusterchargingstationswiththedisＧ

tancethresholdξ．Specifically,ifthedistanceoftwostationsis

lessthanξ,thesetwostationsarecombinedasanewelement,

andthelocationofthisnewelementistheaverageofthese

twostations．ThenthenewelementtakingplaceoftheorigiＧ

naltwostationscontinuestoclusterwithothers．Thisprocess

repeatsuntilthedistanceoftwoclosestelementsisnoless

thanξ．Afterthis,therearekcstationsets,andeachsethasa

centerlocationthatistheaverageofallstationsinit．

Secondly,weallocateallPoIsintothesekcsets．IfthedisＧ

tancebetweenonePoIandoneset’scenterlocationisless

thanξ,thisPoIisallocatedtothisset．IfonePoIisnearseveＧ

ralsets,itisallocatedtothenearestone．Theneachset’sloＧ

cationisupdatedbytheaverageofallstationsandPoIsinit．

ThisprocessisrepeateduntilallPoIsareallocatedortheneaＧ

restdistancebetweenremainingPoIsandsetsismorethanξ．

ForremainingPoIs,weclusterthem asthewayclustering

chargingstations,thentherewillbekp PoIssets．Hence,the

sumnumberofsetsisk＝kc＋kp,whichisalsothenumberof

teams．Foreachset,wecalculatethesumrequirementsofPoIs

init,thenassignUAVsproportionally．Forexample,thereare

２０UAVs,theyaregroupedintofourteamsandeachteam

needs５０,１００,２００and１５０timestocollectrespectively,then

theassignedUAVnumberofeachteamis２,４,８and６．

Therefore,UAVsaregroupedintokteamsandeachteam

hasseveralUAVs．GＧMADDPGdeterminesteamsscheduling

strategybyAlgorithm１first,thencomparesthetrainingtime

andresultaccuracywiththetaskdemand．Ifthetrainingtime

islonger,itgroupsthetwonearestteamsintooneteam．Ifthe

resultaccuracyissmaller,itdividesthewiththelargestteam

whichhasthemostUAVsintotwosamesizeteams．This

processisrepeateduntilthetask’sdemandsaresatisfied．

GＧMADDPGisshowninAlgorithm３．Ittrainstheteams

thatareclusteredbyDCAatfirst(lines１－２),thenadjusts

thenumberofteamsdynamicallyaccordingtospecifictaskdeＧ

mandsuntilthedemandsaremet(lines３－８)．Forexample,

inaspecificproblem,UAVsaredividedintofourteamswith

２,６,３,４UAVsineachteamseparatelybuttheresultaccuraＧ

cydoesnotmeetthedemand,GＧMADDPG woulddividethe

teamswith６UAVsintwoteamsbydistanceＧbasedclustering

algorithm．Finally,afterdeterminingteamstrategy,UAVspaＧ

trolamongtheirteamroutewithatimeintervaldifference
(line９)．
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Algorithm３　GroupingSchedulingStrategy:GＧMADDPG
Input:ThedemandsoftrainingtimeTtrainandresultaccuracyRacc

Output:UAVsschedulingstrategy

１．GettheclusteringresultthatUAV’steamsetSUbyDCA

２．RegardeachteaminthesetSU asanagent,trainandgetteams

schedulingstrategybyAlgorithm１

３．whiletrainingtimettrainorresultaccuracyraccdissatisfiesthedeＧ

mandsdo

４．　iftrainingtimettrain＞Ttrainthen

５．　　Groupthenearesttwoteamsintooneteam

６．　ifresultaccuracyracc＜Raccthen

７．　　Dividetheteam withthelargestnumberofUAVsintotwo

samesizeteams

８．　TrainandgetteamsschedulingstrategybyAlgorithm１under

thenewsetSU

９．UAVspatroltheirteamroutewithatimeinterval

Inourproblem,UAVsneedstopatrolamongPoIsand

chargingstationsformeetingfrequencycoveragerequirements

andcharging,soafterdeterminingteams’schedulingstrateＧ

gy,wecanproposeanequalUAVflyingpatternthateach

UAVpatrolsamongtheirteamroutewithatimedifference．

However,ourequalflyingpatterndoesnotsuitallproblems,

forexample,theproblem whichconcentratesonefficientdata

collection[６]．Inthisproblem,if UAVspatrolamongtheir

teamroutewithatimedifference,wewon’tgetthesamereＧ

sultasteamstrategyindatacollectionratioandfairness．

６　PerformanceEvaluation

６．１　Setting
Inoursimulations,wesetthetargetareaasa２Dsquare．

EachUAVstartswith６０unitsofenergyreserve(asfullenＧ

ergy)．An UAV costs１０unitsofenergy whenitfliesto

neighborhood,５unitsofenergyforstayinginplaceand０．５

unitsofenergyforsendingdata．Wesetpenaltyρt
v＝０．２for

bordercollisionsandρt
v＝２．０whenUAVisclosetorunning

outofenergy．UAV’ssensingcapacityisonesquaregrid．We

usePyTorch１．０．１toimplementGＧMADDPG,allexperiＧ

mentsrunonaserverwithGTX１０８０TiGPUcards,AMD

Ryzen７２７００ EightＧCoreProcessorCPU cardsand１６GB

memory．Besides,inimplementation,wesetthelearningrate

as０．００１,discountratefactorγ＝０．９５,buffersizeas１．６×

１０４,batchsizeas５１２andsoftupdatefactorτto０．０１．

６．２　IllustrativeMovingTrajectories

WetestourstrategyandobservetheresultsinthreeＧ

agentandfourＧagentscenario．WeobservethatUAVslearnto

cooperateinbothscenarios．Theyareresponsibleforasubarea

andpatrolaroundthePoIswithoutgoingbeyondtheborder．

Thisreflectsthepenaltyinrewardfunction works．Also,

UAVsflytoeveryPoIratherthanmovingamongsomePoIs

whichhavehigherfrequencycoveragerequirements,because

our strategy considers fairness simultaneＧously．Besides,

UAVssuccessfullylearntogotochargingstationsforcharＧ

gingandgoonsensingdataagain．Fig．４showsthevisitsof

threePoIsinthethreeＧagentscenario,wecanseealthough

thesePoIshavequitedifferentrequirementswhichare１time

per５,１timeper２０and１timeper８timeslots,UAVsalmost

coverallsensingdemands,onlymissingonedemandofPoI１

atthefirst５timeslots．

Fig．４　IllustrativeUAVsflyingtrajectories

６．３　BaselineMethodsandEvaluationMetrics

Therearethreebaselinesasfollows:

(１)IQLＧDiffRewards[２１]:EachUAVdeterminesitsacＧ

tionsbydeepQＧlearningandregardsotheragentsaspartof

theenvironment．Itdoesnotconsiderotheragents’strategies．
(２)NEC:UAVsvisitthePoIwhichisthenearestand

mostneedstobesensed,besides,weassumethatUAVscomＧ

municatewithnearbyUAVstoavoidchoosingthesamePoI．
(３)Random:EachUAVrandomlyselectstheiraction．

Weusethefollowing metricsto measuretheperforＧ

mance:

Frequencycoverageratio(FT):FT ＝DT/∑
P

p＝１
np,itcalcuＧ

latesasaratiobetweenthetotalcollectedtimesandinitial

needed．

Geographicalfairness(GT):calculatedby(２):GT ＝(∑
P

p＝１

ψ(p))２/P∑
P

p＝１
ψ(p)２toshowgeographicallyhowevenlyeach

PoI’srequirementismet．

Sumchargingenergy(CT):CT＝ET/eu
０,itistheratiobeＧ

tweenUAVs’totalchargingenergyET duringthetaskand

theinitialenergyofUAV．

Duringtesting,allalgorithmsexceptNECrepeat１０times

andwetaketheaverageoftentestingresultsforevaluation．

NECistestedonlyoncesinceitproducesthefixedresults．

６．４　ComparingwithBaselines

Weconductsevensetsofsimulationstoevaluateour

strategy．Fortesting,wegenerateathreeagentsscenarioranＧ
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domlywhichincludes１０PoIswithrandomfrequencycoverage

requirementsandlocations,and４chargingstationswithranＧ

domlocations．Thetargetareaisdividedintoa９×９gridＧ

shape．Wesetthetotaltimeslotsto４００,thechargingproporＧ

tionto１whichmeansanUAVcangetfullenergyinonetime

slot．WeshowthesimulationresultsinFig．５－Fig．１２．

Fig．５　PerformancesondifferentnumbersofUAVs

Fig．６　Performancesondifferentnumbersofchargingstations

Fig．７　PerformancesondifferentPoIsfrequencyrequirements

Fig．８　PerformancesondifferentnumbersofPoIs

Fig．９　Performancesondifferentchargingproportions
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Fig．１０　Convexvs．uniformvs．concavedistributions

Fig．１１　PerformancesondifferentabilityofUAVs

Fig．１２　Performancesondifferentlocations

　　 (１)PerformancesonDifferentNumbersofUAVs:We

firstshowtheresultswhenwechangethenumberofUAVs

from１to５andkeepothersfixedin Fig．５．Wecansee

GＧMADDPGgetsthebestresultintermsofFTandGT．Both

FTandGTincreasewithmoreUAVsunderallfourstrategies．

ThisisbecausemoreUAVshavebetterabilitytosenseso

theycan misslessdataandvisitmorePoIs．Furthermore,

whenthenumberofUAVsisone,thereisnointeractionbeＧ

tweenUAVs,soallstrategiesexceptRandomgetthesamereＧ

sult．Thenasthenumberismorethan１,theinteractionapＧ

pears,soneitherIQLＧDiffRewardswhichdoesnotconsider

theinteraction,norNECwhichconsiderstheinteractionsimＧ

plybyavoidingUAVsgoingtothesamePoIcangetabetter

result．From Fig．５ (c),wecanobservethatalthough GＧ

MADDPGgetsabetterresult,CTisalmostlessorequalto

others,which meansourstrategydoesnotconsume more

energyforbetterperformances．
(２)PerformancesonDifferentNumbersofChargingStaＧ

tions:Wechangethenumberofchargingstationsfrom２to６．

FromFig．６(a,b),wecanobserveGＧMADDPGconsistently

outperformsthreebaselines．BothFT andGT increase with

numbers．Becauseof morechargingstations,teamsdonot

needtotravelalongjourneytochargeenergy,theycanfocus

moreonfrequencycoverage．Furthermore,ourstrategylearns

howtobetterusethechargingstations,thusbothGT andFT

donotincreaseandget１．０afterC＝５．FromFig．６ (c),we

canobservethatGＧMADDPGchargesmoreenergyformeetＧ

ingmoredemandsbuttheincrementsarequitesmall．
(３)PerformancesonDifferentPoIsFrequencyCoverage

Requirements:Weconductsimulationstotestperformancesof

threedifferentPoIsfrequencycoveragerequirementsdistribuＧ

tionswhichareconvex,uniform andconcaveasshownin

Fig．１０．Specifically,PoIsfrequencyrequirementsinconvex

distributionmeansmostofPoIshavehigherrequirementsand

afewUAVsaremediumorlowerfrequencyrequirements．On

thecontrary,concavedistribution meansmostofPoIshave
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lowerfrequencyrequirementsandafewUAVsaremediumor

higherrequirements．UniformdistributionmeansallPoIshave

similarfrequencycoveragerequirements．Fromtheresultsin

Fig．７,wecanseethatGＧMADDPG getsthebestperforＧ

mance,thisisbecausewhateverPoIsdistributionfollows,GＧ

MADDPGcanconsidertheinteractionamongteamswelland

scheduleteamstomeetdifferentrequirementscooperatively．

FromFig．７(c),wecandrawthesameconclusionasFig．５(c)

thatourstrategydoesnotgetbetterresultsbyconsumingtoo

muchenergy．
(４)PerformancesonDifferentNumbersofPoIs:More

PoIsmakeUAVsexploremoreareatoensurefrequencycoＧ

verageratioandgeographicalfairness．Meanwhile,theinteracＧ

tionamong UAVsincreasesandtheproblemismorecomＧ

plex．Hence,weset６to１４PoIsandfixotherstotest．Asthe

resultsshowninFig．８,GＧMADDPGoutperformsallthree

baselinesinFTandGT,anddoesnotchargetoomuchenergy
forbetterresults．ThisreflectsitcanconsidercomplexinterＧ

actionandscheduleUAVswellwhenthenumberofPoIsinＧ

creases．
(５)PerformancesonDifferentChargingProportions:We

changechargingproportionoffullenergyfrom０．２to１．From

theresultsinFig．９,GＧMADDPGalwaysobtainsthemaximal

FTandFT getshigheraschargingproportionincreases．This

isbecausethebiggerchargingproportion makesUAVsuse

moretimeslotstosatisfythetaskdemandsinsteadofensuＧ

ringflyingnormally．ForGT,GＧMADDPGobtainsthebestreＧ

sultexceptchargingproportionis０．６．However,inthiscase,

GMADDPGhasabiggerimprovementinFT withaquite

smallreductioninGT,sothecomprehensiveresultisbetter

thanothers．From Fig．９ (c),wecanseeGＧMADDPGconＧ

sumestheleastenergyinallcaseswhichreflectsthatour

strategycanutilizethechargingability wellandschedule

UAVsefficiently．

Table１　Resultofthreestrategies

Strategies GＧMA (６) MFA GＧMA (３)

FrequencyCoverageRatio ０．８６０ ０．８２８ ０．７９６
GeographicalFairness ０．９２７ ０．８９１ ０．８４０

TrainingTime/h １０９．８ ４３．７５ ３７．９

(６)PerformancesonDifferentAbilityofUAVstoCarry
Energy:Alltheabovesimulationsfocusondifferentscenarios

andrequirements,then weconsidertheimpactofdifferent

UAVcapabilities．WechangetheabilityofUAVstocarryenＧ

ergyfrom４０to８０units．UAVshashigherabilitytocarryenＧ

ergymeanstheycanflyfartheranddonotneedtochargefreＧ

quently．AsshowninFig．１１,GＧMADDPGoutperformsother

strategiesinFTandGT,anddoesnotchargetoomuchenergy
forbetterresults．BothFT andGT increaseastheabilityof

UAVsincreases,because UAVshave moretimeslotsto

sense,theycanmisslessdataandvisitmorePoIs．

(７)PerformancesonDifferentLocationsofPoIs,CharＧ

gingStationsandUAVsTakingoff:DifferentlocationsofPoＧ

Isand UAVstakingoffcaninfluencecooperationbetween
UAVs,differentlocations ofcharging stations affectthe

choiceofchargingtimeandlocationofUAVs．Hence,wegenＧ
eratefourdifferentscenariosrandomlywithonlydifferences

inlocationsinFig．１２．WecanobservethatGＧMADDPGgets
thebestperformanceinallfourscenarios．ThisisbecauseGＧ

MADDPGcanconsidertheinteractionamongteamsindiffeＧ
rentscenariosandscheduleteamstomeetrequirementscoopeＧ

ratively,whileotherscannot．
６．５　FlexibleTradeＧoff

WeconductsimulationstoseetheperformanceamongGＧ
MADDPGwithdifferentnumberofteamsandmeanfieldapＧ

proximation．Weset６UAVs,１８PoIsand４chargingstations

inthetargetarea．TheresultsshowthatallstrategiesconＧ
vergeandthetrainingtimecanberankedas:GＧMADDPG(３)

(i．e．,allUAVsaregroupedinto３teams)＜ MeanFieldapＧ

proximation＜ GＧMADDPG (６)(i．e．,allUAVsaregrouped

into６teams)．Table．１showsthecollectionresult,wecanobＧ
servethatGＧMADDPG (６)getsthebestresultsinFT and
GT,meanfieldapproximationandGＧMADDPG(３)aresimilar
butGＧMADDPG (３)needslesstrainingtime．Thetraining
timeofGＧMADDPG (６)isnearly３timesofGＧMADDPG
(３)．Then,weadjustthenumberofteamsbasedonDCA．As
showninFig．１３,boththeresultaccuracyandtrainingtime

increaseasthenumberofteamsincreases．Hence,ourapＧ

proachGＧMADDPGcancontrolthetradeＧoffbetweentraining
timeandresultaccuracyflexiblybyadjustingthenumberof
teams．

Fig．１３　PerformanceofGＧMADDPG

CONCLUSION　Inthispaper,weconsidertheproblem
ofschedulingUAVstosensePoIswhichhavedifferentfreＧ

quencycoveragerequirements．First,weprovethatourscheＧ
dulingproblemisNPＧhardandformulatetheproblembased

onmultiＧagentdeepreinforcementlearningforconsideringthe
influenceamongUAVs．ThenwereＧadjusttherewardfuncＧ

tionforfocusingonfrequencycoveragerequirements．Inorder

todealwiththatthetrainingtimeistoolongwhenthenumＧ
berofUAVsislarge,weproposeagroupingapproach GＧ

MADDPG based on a distanceＧbased clustering algorithm
DCA．ItgroupsallUAVsintoseveralteamsandschedules

teamsdistributively by consideringtheinteraction among

７６CuiZHANG,etal．:UAVFrequencyＧbasedCrowdsensingUsingGroupingMultiＧagentDeepReinforcementLearning



teams．ItcancontrolthetradeＧoffbetweenthetrainingtime

andresultaccuracyflexiblybydynamicallyadjustingthenumＧ

berofteams．Finally,weconductextensiveexperiments,the

resultsjustifytheperformanceofourapproachandshowthat

GＧMADDPGisflexibletocontrolthetradeＧoffandthatthe

resultaccuracygetshigherasthenumberofteamsgetsbigＧ

ger．
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