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Abstract

Workload balancing in cloud computing is still challenging problem, especially
in Infrastructure as a Service (laaS) in the cloud model. A problem that should not
occur during cloud access is a host or server being overloaded or underloaded, which
may affect the processing time or may result in a system crash. Therefore, to prevent
these problems, an appropriate schedule of access should be considered so that the
system can distribute tasks across all available resources, which is called load
balancing. The load balancing technique should ensure that all Virtual Machines (VMs)
are used appropriately. In this research, an independent task scheduling approach in
cloud computing environment is proposed using a Multi-objective task scheduling
optimizationm model based the Artificial Bee Colony algorithm (ABC) adapted with the
implementation of the Q-learming algorithm, which are an artificial Intelligence method,
called the MOABCQ method. The proposed method aims to optimize schedulingand
resource utilization, maximize VM throughput, and create load balancing between VMs
based on makespan, cost, and resource utilization, which are limitations of concurrent
considerations. Performance analysis of the proposed method was compared using
CloudSim with the existing load balancing and scheduling algorithms: Max-Min, FCFS,
HABC LJF, Q-leaming, MOPSO, and MOCS algorithms. The experimental results
indicated that the algorithms used MOABCQ approach outperformed the other
algorithms in terms of reducing makespan, reducing cost, reducing degree of

imbalance, increasing throughput and average resource utilization.

Keywords : Load Balance, Cloud Computing, Reinforcement Learning, Artificial Bee
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1.4 YBULIAYBWUIY

1) $180955UUN5U TEAARALUUN g M uLuulangd (Private cloud) Tagld
isesilolunisiaesiiBundt CloudsSim-3.0.3

2) MnungUuuunsldniieyszananandunuui laiunsath damenieunsn
na19Auls (Non-preemptive process)

3) ¥ sAnINsdae1 TN i nun eldauuRgiuiiiiesesdn sdinande (Down
time) 5e®I9ALIUANT

1) \psosmeufnime faounniniesegluantusndonyiau Lifidnsluanuzseviey
LAZLATOTIINI ) AT 0 Fundl

5) mATeilldiauetuneiisnisian i nadvioulagnisian sy uiiina e
Squszasd itedlinswenedesmeuinimesadloufianmuindenuansnetu Inensld
fuppriferntauiaiisunugiuiniadouuuuetuiids

6) yntoyanlilun1mageull 4 JULUU Ae YpdeyauuUdudasy (Random) yadeyai
fin19n3z18uuUlAsUnd (Symmetric distribution) 4 A4 eya 71dn15n3¥ MBFIMUULT YN
(Right-skewed distribution) Laza Ao ad 10150580188 W UL 8 (Left-skewed
distribution)

v [ v 1

7) gaveyanltluntmaaaull 3 Yaveyasil Ao YaveyaluudNdaTe YnUeua GoC)

Y

(Google Cloud Jobs: GoCJ) [11] wayyaveala Synthetic workload [12]

1.5 Usglgwiifienadnaglésu

1) aunsadannananouiteidildieiesaeriumefaiouluszuunsuszinanauuy
nauwala

2) nyuistunedsnsUssgndlidunous anfieuiiaiiouaugiuisnnisuiuuy
s InglidupoutBnindeufuvudn eldlunistamsseud e sinass
ningnsiiminganlunisusealanatuungue

3) aunsnaanamnluniadnien uagiiulszansamnnsldausemineng

4) amnsaUszgndlidunouotuniieuiaiionniugiuisnmdouiuuuaiuuse wield
sTuvUasInsEgnUlaLuvaNna

5) Ifuuudaesiitislunmiusunadldieosrenfinmesiaiioulun s ssunana
WUUNGLUY
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509l NI lUNITES 19 UL Y CloudSim-3.0.3 WagduITeNNgIVD4

2.1 NM3UsTUIANALUUNGLUS

2.1.1 %ANNITYBINITUTENIANALUUNEGNUY
n1sUszIRaRakuunguwe (Cloud computing) [13,14] Ao SPUUARL LA B 57T
naUszsnanasglussuudumesin vusUuveslasaiunsUszananavalnaiivinay
Saufu EnsuletunSnenstunisussananasiuiuuuasetiedumasiiia snfuinduniie

UsyananaLngIng
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5UT 2.1 nannsinauvesssuun1sUsEIaNaL uung el [13]



SUT 21 wansdeiaeg19n5l9usEUUnIsUSENIARAL UL NG 1 § 013
Uszananauuungumsaiisluuunisussnanafisesiuaudesnisuesld Tnedldamisa
spumufoIn1slUS eI TveasrUuN 1Ty sanaRaLUUN e MntugensiuaSazies
velvazuuinarminenaazuinsliassuaudesniseslden Mdsuvaunsodis
wIBanTINamINEINs TuduaueuInsiinzauiuauden1sveslilinas nlia
Tnofigldlidudufemnumahauniemsnimiiomas

nsUsssnanauuunaguiad umaluladiimud wfionsuaues suuuunig
yeuazn1sldnuszvua saumesiuleg ered umesidn laoiduluiinsdmiseuy
Uszananauarlasiaiiuguneuiamesuuelng Wesessunslinuvesdldiiuauuin
rulUUN U SRV U UUIN S U e IS (Software as a Service: SaaS) a1y
nsUszanarasuunguualisndudessuniszn saniiunsiavinssuuaeuiowe su3en s
verwszvuiioasdnsiidinulduntu faandunsensumiludwesneuiamefszanana
warAIUIgINY WNARYEITEUUNITU sTInaraLUUNAIEUIsuEdouun U slai
Tasuesnsuinislssnanameneuinne i dunieulasaseaswyllnaiug1uiiosdns

sauntigauannsaldulalee lifive e [15-16]
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a v A

TgUAUVINEVBIAINAN 3 ATNEIVBINUMIU STUIARAUUUNGL TR
1. MWABINTT (Requirement) Ain land Uamiyldsanislvssuuas uiiaine §
= A Yo v ) ' | v Sedoof & o

whludammseneudaynunglitmuale endegiuy Audeansiundanuteayaing
1,000,000 GB LJudu

2. nSne1ng (Resource) Ui Uadgr30 @99 1N 819897 un1sUssunNanNa 3o
a v ) & al v P Y | '
Netesiunsuatydgvimalandiaudesnisvesglilaseyld Wy mibgdszuiananais

[ 1%

AN 1 wsu aunsaldniuteya Wy endadan giudeya (Database) d1sawing

<9

s

(Information) “Uyayja (Data) LAT Y8 (Network) %an‘LLjiUizqmﬁ (Application software)
Wuesiansasuasdyaudunviazieiinn (Remote sensor) LUusu
a . = | < [y v v & Yo [y

3. U3n19 (Service) fianluninensuaglunnauiunaiuisavenlain niwens
Aflau3n1s Tnglanizegndslusimunisy ssananakuungumanas awseseldaniiusnig
WAUAIINSNEINT ANIIUSNITANRINTIINTEN (Operation) liNe lLAANAAWSNIdUD IR
A99n13 wAN1SNSEveIUINsasnduladuduiesianmSnensniieateaiiowstynnlw
AN A NSAUDINDAINADINT

1 [ I 1 =

sruunIsUszalanawuunauwug [16] la Suadtuaulaidueg1euin 1l 99

AIILANNINVBINITVY L NTOAATVUINYDITTUU wazamdangulagUsiaainnisasuluses

YINFFAARILAZNIIALIUNL AW INTINIATE I Ug U A I Alulagasa U A
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2.1.2 1p3ea519099N15UTENIANALUUNG U
an1Unenssuluguuenismainvenisussutanaluunguiuausenaulume

v A

aqﬁﬂszﬂauﬁugm 4 @ [13] fsll
1. {4 (User/Broker) fie f{ilvinnsdadnioseldusnisdeazgndannandiladls
2. tapnaslunisdnasinineanslunislivinisvesliuinas (Service level

agreement (SLA) Resource allocator) filUSsuiaiiouadrudonysyanu (interface) 551319

¥

Fuinisuszananalunduisiugliuinsiieguennguue nsiuvestennaslunisinass
niwenslunsliuinisvesdviuints Ussnaulude 6 daudes ddl

1) dauiivimihiiulasmeusns (Service request examiner and admission
control) imthiiwdammmnevesfesweliuinsiignasunaniléusnig A13eseld
UinsaggnihluFsuisuiuaunmusstinig dadudennaslunsliuinsilsnsysialy
i fefinsanda fsesvelduinisagldsuniseeusundedfias sruianisinass
niwensUsznanasg iU sansamlnelilvanuniuly sndudsdsdfeselduinasly
Fupiesnouiiamesiaiioutazimuniniesdmiunsdansintesneniumesiaiou

2) daufnaAildang (Pricing nalnludawiiilfiemunnildinelunsld
Uimsmueulvveannslduins iwu nailddiesrelivinmiuianageanviol san
Ausnadusnnasivdetiunys sy

3) druAnnun1sliuInTg (Accounting)ilunalndwmiuldussgtoyauuseses
uuiin (Track) n1slimnensiigniosvenazdnsinanlddnefuilduinig nalnilesd
wihfiduiinyse3an1sldaum e an s g Wethluusudginnsdaasemmne 1n slun5vin
ningNnsiailou

1) drunnaRaALsEUUElaw (Virual machine moniton) WunalniliAutudin
Toyauudesesnutuiinveunissnouiiawme fiadeo uil dalinfouldnunuion fne 1n 7
thindniduesesreuimosiaiiou

5) dwires (Dispatchen iulusunsudendwarudegnléidunalalunis
Fudunsiaumumdosesuinsilafunseniulivieuuwadonaiiouidna s513Ay
tiug

6) d@udurinnsaniunis (Service request monitor) Wunalnlunisifiusnen

UYAUUIDIYDIMUTUNNVBIAIUATINTN U TANTUITUA AT VB UTNNS



3. 1A39IABNNAMBSIENDU (VM) LA303A0uIWesNiinga3aniiaa303a11150
v & = = P = o I Y o o v a A a ¢ A

Jaduesesalioulavaieieses VaUuegiusEAUAITaIIaUINTT IATatRRNImasIalay

Va8 LA309aN TR LA WYAAds ulan SeuduuuATenauia e STdeg a3 el e

a a :’/ f-:’ll 1 P a I3 = 1 P ) [ a [ v 1

WIRLAYY VIlmTzInATasReNi e SallouudazinTe s ludassaniundazey
d' a o‘d’a{ I a d' = o
UATBIABNTILADTNIDEATUATE AR INY

4. 1A399ARUNIMBSTINBYRIS (Physical machines) Uszneuluimuipsosuaivng

° A a v oo ) Y a
ununnNwssulidmsuliusnng

2.1.3 MTWIUINITVRTEUUNTUS TN ARALUUN G
sUuuunsbiuInsreInIsUsTRIaNaL uUNge dansauwuslaidu 3 nqu leun
U3nsilasadieninuasiug i (nfrastructure-as-a-Service: laas) U3nsduunanylasy
(Platform-as-a-Service: PaaS) Wagusn156 1usGo W335 (Software-as-a-Service: SaaS) #14

wandluguil 2.2 GaUssniananIuaufen 1wl vianunmGenldaulddeuas

d¥mIn
g Resources Managed at each Layer:
5 Applications / Software
End Users Tpiture
| Bl i el )
Software Frameworks {Java/Python/.NET)
Storage (DataBase / File)
b Platform
" | Platform Layer as a Service (Paas)
Soframelifyeppels RO |3 [\Vootd WAl Leme =
Fﬂ' Virtual Machines %
£ 1 Infrastructure Layer Infrastructure
&;._ as a Service (laas)
Network / Sy-stem CPU, Memory, Disk
Administrators
[ Hardwareltayer
5UM 2.2 an1Unenssunisliuinisvunisussananal uunguis [13]
FEaduATULUUNITIIAUINITURIN 15U S InaNak UUNAULNNE W1 aas ue La
famelull

¢ X

1. U3N13AULATEF 19813 TUGIY
a % 1% s s & I a A a 1Y) 1% &
Usn1snnulasea e s siugnuduusnisineanulasaianugiuv e
syuupauiawe i uBuvesin Inedldusnislassadeiiugiu (nfrastructure Provider: IP)
<) Y (Y o (Y [ <y ] [y 3 ) 1
Juddanminensdmiuussaiana ldinsdudiuueinisdaiu vsedssuananussuy

wilounyldusnsannsanmuarnaning nsnsiuaufenvsea s uwlas
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1) n¥wense 19 lugvveauinis Ly 1A3 99KLY1E MUIEAUTT N
Uszanananan iuiiiudeyavusinfad wdegunsaiiedetne (usu

2) Msveevavesiasiaeilugudsanuisnyildnude vyl §d uag i
AIUABINITVBILDUNEATY

3) nstmunsatlunsliuinistuasiuegiunmdenlduiniminens

ANANIalUNSY e YEeANTLNATETEUY (Scalability) AennuandAilan
wessrULUsrnananaue Uin1slusydy laas thizmevaussaaudeanisluidesues
ninensuiuiluniniudoua 1wy Amazon’s Simple Storage Service uazaawEANELY
YOINITININGINT 1WU GoGrid, RightScale, Linode kag Amazon Compute Elastic (EC2)
Dusiu

2. USnisiuunannasy

usn1sa uLnanrlas udvsun 1IN kIsua sl au nalatu Laes
Tiuinsagdawsendsididuded dlunsimumeniuiiuasuounaindu 1wy Buleundia
Tu infesnouimesialviedminaudaiudeya (Database server) sEUUUTZINANANANS
dmuesdnsaunalng) uazrenduinarsidendesyninedld (Client) uazipTousitneLt
fheffu iefiBendn Middleware Wudu Tnsuinsimuayanunte 1§ suu Snuina
Uaondeuietns tazanunsasunldauldiiu iiuteundndu dsglduinisamnsathludiu
Tuazdanisldies Uinmiuwnasesutulsenoude ssuuyfthnag ssuugudeya uas
sruudiaiianis daee1a9u Window Server, Linux, Oracle Database +3 us u f88715
Tusnistussauunannesu 1y Google Apps, Heroku Mosso wag Engine Yard 10usu

Tafveusn1snuLnanwesy Ao daundeslunisldeunaslidesinany
gdauniuiensUsufiuanvupvosruamsninullifdundy annsoaiuueuna.e
Fu ahuusnsmielugdulmie ldleglisuiudentitnfauidvinuegdunisuv se¥nyd
BoNALIS

TdnvesUsnIsiuunannesl Ae dldianniusunsulagyniniudiuie
Uszarulusunsuuseend (Application programming interface: API) 9845 111U 15 Paas
elarenil mnlusunsudanududeunnniendazdne U lHenfisuld wazdiulng Paas
sglureulalvldns

3. USNsiugandns
nsliusnsiune Undnduidasianunsaidiunldls Tnediltlididudes

I ¥ 1o & ¥ v a v & A o o A A P v
Judwes wazlidnduseiinweundindutiugnindaiila vseinistdninenseslsina mi
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fliuinmasduifaniomiomn dlddufomadiluldnuiduy uasdliuinisfazan
Auinsunslinuiaesdlitoundiedy lussduuoundinduiuieonduas Tdenld
ogrannine Tngliidoddiuanuinnwnn dufensliuing senduaslusuuuuiwesia
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fawannsnunnesiseglufufien Tnonsldaniuld saas wdisiduieaduines
wostath insravaunsnidenlduinmse Havesliuinslafldlusnunsosnadi vie
afnsduaundnidiold e siadus Alviuinstinihiivinsuazainame dlmie Fuu
waguaszuusineg Ianmsoliuinsiwe Haduldmuaudesnsvasgné nidliuinis
W UNAATUAEY 18U Google Apps %38 N1519AU3ATS E-mail 1Judu

fofives Saas #o lddunus mnzlidesdeatlddslusunsindei sa¥nu
sz awsaldanldnadiioudiinsdeudedumesidn doyaltideneuazain
Fauldiedu megnveglugusnantayaifieatu 1an

183111Av04 Saas Ae UgninuauUaensiovesteya

2.1.4 Uszinnueean1suszalanaLuungume
n1sUsEdaNawu UG [17,18] ausauvmnveuwanisldeu uandlanagy
23

ol il Sl

o ¥<E \
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I i

JUN 2.3 52UUNSUTIARARUUNFULRILUA MY UUMN1TLY e [18]

[

sUsuunsUsEnaraLuuNgumgaansauUieendy 3 Ussian ded
1. nMsUszaaNaLUUNguURLUUHIUAT (Private cloud)
U159 U sU seananawuunguualuyiauuunsedne dau

uAAA (Private network) Yaeliusn1svseinsedng Mualglduinisianesg vumannis
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vounalulagnisdiasaniosnouiiaimesiaileu (Virtualization technology) § 14U3n13
AU1I0AIVANLAZIANITIEVULAAIEAULD I N1TUTEIIANALUUNG ULUAFIUF 11750
widawiluGewesmnuadeswarainuuidedslunislidaussuuls

AAUVDINITY TEUIARAUUUNFULUAAIUA bl

1) a1u150AUANTEUUNSIRLazAuUaendelaeg 198ty

2) Yayaiinrmuasndie Wesanszuuaninwisuasaendwisiinududiuds

3) AIUANAUNUNTUTMTUaE IR uasEUUlATaLaund L o 9n gl
41030 MUANTITUINISIANTLATAMAUIINAT

a) andlyminsdensanaranaua1t (Latency) vioszesiiain1meuauas
adldnnnin lnewuudis (Bandwidth) lunisldemffiarmdudiufadneiae

5) a3ANIANIAUIMITIAN 15 TNE NImUALAFERL LN T VALY U
wnanasy

2. MIUTTUIANALUUNGUNALUUE1515842 (Public cloud)

NSUSTIANARUUN UL LA e d ussuuNSUSTIananEen1siniu
ToyavosilisuignimAuuuiade st wasnsae Feliuinisarinisifudeyanes
dldunvuassusiluedeasivieifeiu uiifldouesliannsodiisdeyavesyanady
16 wnlallefuniseunym sumdnmseanisUsznanauuunguseidnliinsldmine ns
i (Share resource) lugudnansdoya Tasfglduinsanansnszymmdoanisidaae
A IL09UarI18ATTUT NI INUTHIUNISEEIUAT ¢ 48 W AT TEUIARARUUN § 1LV DS
Amazon JuAuY

ALAUVBINITUTHUIARARUUN UL UUENT 0N bln

1) anfunuatlddewu nsfians quakaznisigine sy

2) @nnsaLinvieaaningansnisldauldauifeants iiunisd sy
wnane sy

3) ansruzANATEMYAY191U (Downtime) videlgmiszuuan Liosand
WINTFIUNTFUTOIINFLAUINIS WU ISO/IEC, SLA udu

a) Tdudne esnniinsesnuuuiiielimuaunisianuiazanuas fins
aouldsn sudaiidmihiinenfiumeitiomae

3. NMIUTTIIANALUUNGUURLUUNEY (Hybrid cloud)

N1 FULUUYBINTUTENARAL UUNGULRILUUEIUAILaENTU STl AN g

LUUNGUMRILUUATS SeIzAHauRa Ut Tufendlininensitegunaindungu ety

~ ¥ & oA Y A a & o o & Py vy v
wioldneluesdng wallssanningnsiiley duliiieswedussvunaun 3elainasly
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U3N159 0N AU U VA1 T4 I8 T ey lianunsasiumSne i stunugulaliie ane
AuUsEUUNIUnlY 9AuYeINITUBRIANALUUNGLLLUUKEY AD aasunuluni1sdnnis

oAl l1if D8 UAUN1TUTBLIANALUUNGUNAL UUEI LA MR

2.1.5 AuaNEUUBWUYINITUTENIANALUUN G

[ & Y A g v o W 1 = Y
aﬂ‘iﬂmgwaﬂmu‘wLUUﬁ'ﬂ]ﬁ]EJﬁ']ﬂiny@ﬂﬂ'ﬁﬂi%inaNﬁLL‘U‘UﬂQlILJJ‘?J [15] 4 5 anwae

e
D

1. UINIAUBININAIINABINTT (On demand self service) A JlEaua1115
Amunlseansnmuean1sussuianalanediies Wy 1nnvesmiieaudiluiAIe Yl
AULTILATIIUIUT DN UTHIIANANANITO A0 MMUAANE50ANY TiEnne
lnedRlulflaglidesnuaua

2. n15u0 18 9bA a8 o991 (Broad network access) Ao AIMAIN10TUNT
TAusnsussuuAset g kara st lalpgr 1wt Insgunasliiazegunano sule
wu Insdwisledie viiewdesmouiiames Wudu Tnoszuudesanninsesiunisldaiuuu
wnaanesufifinnurannats (Multi-platform)

3. nsldningnsiuiu (Resource pooling) Ae #luIn1szdavianinensluy
mMyszananafefiaglviuimsiugldaud i Tnsldlusuiuuvesnisiiigminensi
varnvatemuAEosnisuesld dldannsadmunveunavesaussauriidenisine L
#oaflanuiiunisnlunuuImsdamnie oy vesgunsalusrananavearldnuas
fog N 8I8UN IR WU 8SaRan niieUszanananand nieAN sy

4. daudangulunisliuinisge (Rapid elasticity) spuuliainaninsnvenig
gangu amnsansisdeuldwazinnuniasilunisaniuey Tuvwnsdawsanlilag
§nluifiilessnsvuinve snsuszananavasszuulfifissnoso anade sn1s 9 of{ld e
annsannastugliuinislufeswesnisinnIouanssausreansuszanana 1 (3o
nattun1sineu WiensmIvaNUSINaN U sznana sy

5. 52UUN15IAUINTT (Measured service) szuunanalagunfuagaziin1sniuay
uazdnasminensuuusaludd Tagldnsinuinanisldaunesgunsaiildauluuday
Ustnnuean1stiusngs 1y e13edan MiheUseuiananat ningaImLdn sEUuRseuevie
Snnudidldon Sy ninenseingg maiideensiiazannsofinnsmueuguanazains
sonmenulsifieidudndsenevlunsindulavesildalunsissanniafiumieanvng

VBITUU



13

2.1.6 UafuazdadnfinvainisuTEIIaNaLUUNGUUS

UBAYDINITUTTIIANARUUN AL [13,14] fmaneUsenisead

1. Usgndarlddne (Cost savings) fialddefitosnin idesnndldlsidesamuly
Bowamnensiequaszuy mnedliuinsasduheamuninensiumeluladifeu
Waviu SﬂﬁgqmsﬂszmamaLLUUﬂEjaJLu@Jﬁ?ué’aﬁU'%msﬁﬁhammm'ﬂéﬁmu (Pay as you go) 34
HreUsendanldinglaun

2. Anupaeea (Agility) iinaintazninwaraIumadlunsldon feswnlu
sl eudhugldnulidesiiiiaiemasan il a1 niegunaal uivefsuearldiaunsal
faunsaidousedumesidnld {liAamsnid-fuazldiurandlswuvliitediin

3. aaunsalunisySuruakaziinwdanegy (Scalability and Flexibility) &
Auannsalunsee il a9iai e e AN 189N 15U SEIIARALUUN AN
i elgldannsnaiusruuinadldnnnat sedsaunsnfurdeanuuevemine nsldly
SyEIATAL

4

4. @gan (Mobility) Mstinfispaidiinmazananniieauaiidumesidn 4
liusnisaanin 22dl SLA issuvaunsadndslanaen waslinnsnssaneluun (Node) va 4
svuululsznaneg Wenseaeaaiudes

5. Yoyaldadn (Insight) svuualuausnlulfvasnanatlgliiesanisiinsiey
n1ndesEUULgeanle

6. N113AIUAUAMNTIN (Quality contro) TuniinaamIVANTRITE UL AR INAED
enITYoInElTIN Wazszuusieg Teglunans ilinismueuaun MYessEUY IT 593

1A a 1

Audogiliien deliAnmamusuaammldogaganinndsiu

7. MIfAusEUY - (Disaster recovery) N1sANUUAa1IAYILAEkasazaIn 1ae
asndenlidiseslayawuudnludh (Auto-Backup) v3edAudeyanisniued (Manual
recovery) b LagmnfiwanisalszuvauvseiintelianainansEuuaaTin N liuInIsae
finnsuseiumndes wavannsadaussuulsiviui nelusseznatnudefmun

8.9nAnaNALIFIRlUIR (Automatic software updates) lWdsuinnssulndg
ogiane \esnngliuins aamdagimihiiamuiazswnsaszuulmlg saufsasim
waluladiviuaefiesesiunisldauvesiliuinig wu insesnoufiumesiaiiou (vM) uéen
1w (Blockchain) n3elusunsudszgndlvig iilesesunisiteuuazmeulandvesldldunn
fian Tnofldlideanuinislvsiaes

9. ar1uUaendy (Security) 1n15U15esnwwazANUaenfeaa | Liusnsd

Wmsn1NIssnwIm wWlaenselinulassadniiug e sgudnawloya waznsiuiney
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Joyavesgnan satutoyaveddazgninulingldssuuinwinulasndensanu Snvisdd

Y Y

UL IRRRE ALASN Y ILALY oULYLTEUUAADA 24 TILu9

v Y

v Y o w

dmiudedninvean1sUsvaianal uunguug rateUsen1snadl
1) MsAsinSuensanvatewsisenaiadgmisiuauaeilouasamsIng,

2) laifinnssuuseAulunisviaue g19meLleswe9seuUkarAUUasn N g0l oua

Y

(%
v

3) wnanWesugililaumsgruiviidednind msudiudenlun1simumsefns

2.2 walulagnns3nasaniasnaunnasiadiou (Virtualization technology)

Yagdumalulagnissmuensawasuuimvinlvun Tudauvessz@nsnmuasaamudy

Tunnsuszulana M AALLINISESNTEUUIA LA BUTIVUNEENI WAluladnisanaag
= A ¢ A < AN ) v ) = 2 )
LASD9ABUANDSEL DY WAlWladTla S UaS NS NYINTE LD UNTINTNE N TLUUUINETTY
YBITTUUABUNILNDS WU @5 1antieUszaananad (CPU) nsawanana (Video card) nn3n
LAy (Local area network card: LAN card) taou @9@3ignasiunvuatiissenidn 3o
a 6 = a = [y [y

mawfiwesaiion [19, 20] lnasyuumalulagiadowasArunula sdnn1sm snen sn ey
STUU 1R8I UIIAESINSNYNSIANUKAAZLATEIABLA NI U & 1AL ITEUALAIY
FB4N13 AITRILAAZLATRIADUNILMBSIAL DUz AU s NaUWIs Ualoud weSaIna Ui a3
Nauysalesemily MliawnsnseafussuudJuinislananvalguumie kv 1emse

a s a e a
ABUNIBDILNYILAIDILANED

2.2.1 A29819099NANN NN IYIUN15Ia09nAlulad AT aIRaUNILADS Eilau
F18819U 9NN N UG lUNTIaadmAluladn e IR B U e Staliow Lawn

a (% (4

1. WANAUNINNUSEN VMware town ESX, ESXi Server

2. NARAMNNNUIEN Microsoft Leika Hyper-V, Virtual Server

3. HARNMIMINNUTEN Oracle Lawn Oracle VM, VirtualBox

4. uonniend Aav nAnTnairaIus W Proxmox uay Fucalyptus & 118
foNALI53UULUA (Open Source)

goriwaimaiazgnEenda laweslawes (Hypervisor) Favnefwensinaii

Anaaialglun15InaTINSNYINTNIDNBDNNTASIATDIADURLADSIAL DU ADURENITUY D

wealulagnisdnasaasesnauiiinesialousisgenduisuansisgui 2.4
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Virtual Hardware Wirtual Hardware] Virtual Hardwrare

5UN 2.4 anrUngnssuveunalulagnmsinasisesnauitinesialounievendnas [21]

andanssunauRinosuuuLadieu (Vitualization) Ao n1591a01A3 09
reufwmesnas wnsestulilead (Host) InsasSaniniesnauiiame Siisiaestuuin inas
(Guest) uazinadaedadldmine nsedleadsudu Insinaddaetuiagldvinensldun
fgnlalAuileads Tneillaweshwesidusminnislininensveanad inadazinisiosve
ningnsludslaesluges waglawesluvetas owaludissuvugianisveslead Lile
doatunsliminensuanniileadd dslutiegiulawesliwesTamanninuniu dszuu
Ianslaeslwosuuuniugued yilifausalongeinadduleadls lunsdiilsadiitami

Winsassunstaaulanasnnan

2.2.2 d2auUsznauvasdarUngnssunduniaesuuULEalou

drutsznaurssan1lngnsuaeuiawasiuutailiou lawa

tlaoslnwes 1d ussuudanisseninelead uazinad Lagvimdni augy
n3nensveslead wazmsFesveninensnninadludalead dalewesliwesazmununis
$1a09U0ININEINST F9il CPU, Memory, Storage, Network Interface Card (NIC) 1Jusu

2. load fie sosroufinmasifanaleaash wesuazidudweminens Tag
lawosluwesvimii fosvenineansi deenisungeszuuf uAnisvesload uay
svuulJunisves leadiduinevauss

3. i@t Ao edasneufiamefigndassiunnleadlasinloweslume$ tnei
namesiaartnenssuneuianesvedalasinswaige’ (Microprocessor) idemules s
WU X64, 1A32, 1864 1T udu naidonszuuU §URnnsd desnsle L annsafae st
aoUnenssula LLasLﬂﬁﬁ%ﬁﬁwmﬂmﬂaﬂNLaﬁauLﬂuLﬂ%mauﬁuma%aﬁq Wy CPU,

Memory, Disk, NIC, IP address vudu
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4. \n¥evevasnaNTme SuuUIEowi gnoanu i lVsossunsioasiifiteys
uiea esnluvilsleadaziinnnin 1 inad wanidenaddesnisdmdofudeyaan
n18uBNLH 0K 1U NIC vaslaadiane Tud aguud feulduinsgiu 1000BaseTx nde
1000BaseFx \usnaslunisdesioszninleast uailsyuuiiviheugiuiiosesfulunsad

gunsalieseeiidaym

2.2.3 Usglemifildsuannissiasanaluladindesrasfiowmasiaiion

Uselpaifilesuannissaesunaluladiniosnaufinmesiaiiou laun

1. dudnszuuiiiidvueld 1 ueuwdndusiosiueguy 1 Eesitie Tng
NSO UV D ARSI LIYE LT uTR il salda i ed e auaie e 16 La
USEANBAMINNTY WU N15TINNUeNARe ILaiUe 2 13esildanu CPU e anA 40% Tefan
ysuegumeieuiteirtoufiel faasiilviedawsitne Sniatestuing wavaunsninluly
Aususulgunngy

2. anarldevesquinadoyalasaninaweslasaiiugiu dufeandiuiu
YoupseLLiIgas Vildosnsiuiitdesas anmmsndulunsldlniuaznisviaanudu
vswstansla heduiesnniisuuton

3. yildendaunsuazrenduastiiuavedl uanugn fouldemanndy dwali
Aaarusoiiodluntssniven

4. flarudangulunisu iRy awnmneuanedntfenismegsialaiuule
wifin s zaunsafiandeanvSwensiiussuuTuidesnisia Nz anald

4

2.3 Ugyyrsshig

99

{Icyzymﬁzé?wi (Artificial intelligence: Al)[22] L0 WLWANIIATTWAI LN 190 11U
a = =% < o8 v A a sa v a v a Y} ¢
AN INBIBNFURUUNIN GuillasesreuiunafnuazdadulalalndlAssiuuyed lag
% (% = aada U a = (Y L3 P o
91fgnanNITIINMIFAnyIsAn nsaedulansendnveamnananuyed Wethluldlunis
WRIUIANENINUDILAS BIADUTNAADS LA AIUITAAD VAL INITIUT uIn NI N i o
a (% A Y] a ) a [ 1 [ I gj v a
w3psdnsnanselusunsuyaly TnaduannistuwAassnanuiiinualut unoulwia 5o
Ao ImaSuLATyn fndu waseuslamenues dwaliasesreuiunesiiniiuaan
1T a@wsavindlussuuniinududeuldegiivssaninmlaslufesofenseauan
¢
Uy
sUwvunsvureslygnUseivsg Wisulalowinaunidouiu 439 uanafagun 2.5

Pl ' v

Y < I a 6 | (% a (=) (%
"\]'mg‘ljLLﬁﬂﬂIWLﬂu%WN@@@JUEJﬂﬁ'Ni'Jllﬂu ﬁiy}iyﬂﬂigﬂwiﬂ@'lﬂﬁiyj/lﬁ@@EJL!EJﬂﬁ@I 'NG’I'WUIUO@&JW

9 Y 9
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fifie N9iSeusuenA30e (Machine learning: ML) ML Judiuniisves Al inthilunisiseus
1 4 o 5 @ v Y ap (Y] [ & al Y a = .

wineldnisvine ML duidesliuegiviinaudalufie n1siieuiidisdn (Deep leaming:

DL) wazgavineAoadlugn iludruiivinnihiddgiinisieuues sis 3 wauenazdosluediv

191 TasseUszamiiey (Neural networks: NN)

ArtificialIntelligence (AL)

MachineLeaming (ML)

Deep Leaming (DL)

NeuralNetwork (NN)

s

31]17'; 2.5 ahudsenouveslyauseiug
g‘ULLUUmsﬁmm’mﬁ’uiul,wiasﬁ’Jumaqﬂzyjiyﬂﬂ3zﬁw§1fu1é’§ULLiaﬂ’uma1f\mwmﬂ
“anufAniinAaveuyud” duiiduileddyie TasieUsramidienihiivdnde “An”
TildufesunuRsuesunsd nisviawesamosyud tuhiun fulaun mnzanes
ansayimihivaieq sdendentlvinareiludesine luatosmyudiufissuuuszamiy
fudusivinudealostu uasilaussauiuniFondy lowuy (Synapses) Snduduga
nsiinngavldniondudul shlissuunsinuesaresuyssiue niwsdouw o uld
waziufedmunefimatnineaeans dnedinmans waviideivalusdaziumeeiudioy

Y

WawszuuaulinAnve s lasingUssamiedlivinulniviieuivaussywed

2.4 JIMITPUSLUULETUMAY

aa a v A o W . . & ad = °
NP UL UULERHARY (Reinforcement leaming: RL) 1OWIBN1siliu 8 9n15%7

n1siseusYBATes [10] AegUN 2.6
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iscover:

Unsupervised Supervised
Learning Learning

Firgmoad M ac h i ne Poputition

Marketing Crovh

Learning JN

UM 2.6 Yselnnvoani1siieuivenases [23]

BnseuSuuudumaadunisteuinngrgomnglaeasiuditaadulalun1svin
mugnaung iy lnglassaiaiugulunsiSeuimgnismadulannanmuindenludnvay

Y83 @01 (State) NINTENT (Action) kagHas1ada (Reward) livenavviinisseuslunng

=

\Foulosanuzdagiu lugmadennsnszyiludiviudaly wiedunsGousifiofiazviinis
dnduladn minanmindevegluamuzmiidimsszidenmsnsyviilaselufiaznolvifona
yaansnsEyiiin . Tasfhsseunsioudagudl 27 dasuanillefnseimsiaduleveg
5¥UU (Agent) I§Suaanuziaviasiaiiiniy Sanseinstaaulassvinisindulad oz
donnszriinisetdlaethnils mntuiinssrinisdadul aassunswinisuas ulves
aonuaznaseiafldfunduin ssuvesandulduazldFunasuianduaneylnonaen
wnszisnsgihnsinaulaiansteuiindlesgluanuglassfoadonnsnseviile Feey

lonasiiaszeze13gedn (Long-term expect reward)

4

Agent J

State s, Reward 7,
Action a,

Environment J=

SUM 2.7 2959 UN1SYINTUURIIBNTRIUSUUULETUNES [10]
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Tngil
Rewardr,  fle nanstaluszozaniildannindennisnssyi ar 1nan t
State s, A @0TUYVDITTU Bl 1At
Actiona,  fe nsnsviiishnsevinissinduladennseyi s van ¢
Reward 1,, o nassiadildannnisnseyiilunan ¢ +1
State s,,, Ao d@nuzvesdwandadlunant + 1
e s unuanuzvedndey S Wuwnanusnaeddululd Taed s, € S way
As,) Wuwaweansnseviniomaiiduldldlundavanuyvesssuy Taed a, € As,) way
Tl € RO ¢ Aonalunsaztuneulay ¢ = 0123, ...
TnesluudBnisdouiuuuiatuidssdsenoude 4 psdUsenoundn [10] il
1. ngAUAN (Policy) Mg sMfmuaLInNveMIstgusuarnsindula Tunsiden
nsnsssilududald Welilsnassiawaslusszeniigsan dlingaiunu unusiie m
lé’mwmﬂﬂﬁmmqaqmawaLaﬁaiwﬁaazamﬁﬁaﬂdw AnA7 (Q-value) wnudne Q(s, @) vite

Ul duileisulunisdennisnseyindeaunisi (2.1)
n(s) = arg max Q(s,a) (2.1

2. Wi uNas19a (Reward function) A8 WINTUN LY AIUINATINIA LUSTEL81IVD 4

svuutilaniiliuet o vzt Tngkasialiasiinnnisinaulaluninden nsnseviniie

'
v

szuvegluaanuyanag lnsvnidunsindulafignaesaglinansalussduigs uinndu
nsndlafigndestiosnimFeidunsiadlafifineslésunansialusziuiimannauiua
1 Fesnamdatsduiuansimsaunmessidadulalnainsosiini sind ul al43
vielalugienat a vazii gadomnendnesnaudgmideBnteuiuuuiadumas
fie FeantsnaBeusifielildngaiuesiunisindulafidmalilinasatalussozoniigaiian
Frasnansdeniindulafifueismasteudiuuietutde vnRosumeneaiifndu

nant Awuadu g(s,, a,)

¥
a =

WoNaTINIWaTIalusrase MULNUAIY R, 9lAWaTINYBINATITaNling U
AIUALIAT £ UDWIAT T Aaunisi (2.2) FI5N S uwuUETUIa S manefeanisie

1lel R, Aunnitan
Ry =g(sp,ar) + g(Se11, A1) + 9(Spi, Q) + -+ g(sp_q,ar-1) (2.2)

W9 R, AD NATILVDINATNIAVDINIWIAAIALAT £ AUDUIA T
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3. wagilanidu (Value function) e Hendunldmumammansialuszezg1n9n1ndi
sglasumnidennisnsgyintiug eldngaruaudeniu lun1sdiaasnisnseingedianseyin
nsipdula awldnasedatillunisinduladennisnssinluawiudaly lnealingaiuau o
[ A o = ! Ql' o Ql'
JungmivauivinnisWeslesseninaniug s laedl seS uazn1snsesin alaeil ae Auay
afiuluneldngniseuan I dsaun1si (2.3) Faduaunisaaneswagilandu (State-

value function) dm3ungaiuax
VT (s) = Ex{Rels; = s} = En{Eio YTtk |5t = s} (2.3)

P I 1 o A Y o v a o I
e E,{} Wuamanisdesinsgyinnisaadulanseimiungeivay o wag y \u
n31n15aaneu (Discount rate) AAAISENIN 0 <y <1
4. UUINEDIVDIANIIBUING 83 (Model of environment) ABLUUTIADIV DY
Aawindeunaztnisnseuiuuudsumawinluyssendld Feasanunsanashananginsuy
Imiloutvanimuwindeuiivzinlszgnald lneli AZ, unrmiiasduininanisaau
P v Pal a <y ’ P A o [
A0UEAINNTNANTIEWIRRBNYTaa Y s dsuanuniy s Waliann1inseyin a f

41N (2.4)
P% = Pr'{51:+1 =\5"] S¢ = s,a; = a} (2.4)

s ismafeuduuuiduidmaldluntsuddgriu ssdunangauguiiay
neliiAnnaTsiaarausrzengeian lapasihnsusuusng muuiliitueglasnaen
fatiungravesivaifainimle widungenueuiiy deiilildngauauegatioandang
muANTiAnIWIBITTUNgAUANEUY FaFEnin ngaruANTimzas (Optimal policy) uay
delsruuiiduluamngeuaul agldanusuagiladduiiduan wangiteiduiimnzay

(Optimal state-value function) §aunudag V* feaunasi (2.5)

V*(s) = mﬂaxV”(s) (2.5)

o A

d‘ v o a P dy ¥ o 1 (3
bBYNG s € SI‘VI?%UU@WLTAUI‘UW]@Jﬂ{]ﬂ'ﬂUf’]iJV]L‘VI@J']%E‘Z{ELI'H ‘Ug‘lﬂﬂﬂﬁﬂigﬂﬂn'@jﬁﬂﬂ‘ﬁuw

Winzaw (Optimal action-value function) #aunuae Q* AIANNIIN (2.6)

Q*(s,a) = mﬂaxQ"(s, a) (2.6)
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WaNN s e Sway a e A(s)

dmiulumng dvesaniughazn1snseyil (State-action pain) (s, @) awlaflaiduv e
mandglasullodenn1nseni a wasdwindetegluaniuy s wazaniiuludleng
AuANTIzaN lanuduiusvenisn seyiigilandunmuizay QF waran1usag

Herduiimangan v* faun1si (2.7)
Q*(s,a) = E{riy1 +yV*(sey1)lse = s,a, = a} (2.7

2.5 JUMBUITDIUINAN NN

%4 o

FuneuaNTANNS (Bee colony algorithm) [24, 25] 1@Qﬂu%auaim Pham wazae
Ima?%%umaummﬁmﬁaLﬂusuuaumﬂuﬂﬁmﬁhﬁmmzauﬁqm Adouuuumannginsa
Tunsmamesssily wasdunssuaumamdmeusiamisfieglunduifiuuAnuanns
HEULUUNYANTIUVDIUNAT (Swarm based optimization algorithm) Tngdnuugiauyes
nsvurunmismeulungui arldudnnslunisdueniuusiae snnmisssnssuiun s
il wdathuadndahnisdima nisfadenuaznisuiuam udhntsimanuseudn
wunseislddmauimngaluiian Snunuzuowsidlusssmed dsydusanluniomislu

szgynalnaunndn 14 Alawesluvate s Aeaniandous Au laedidmanglunisdisiand

1%
=2 1

watemisielilaemisinauuin deinsgnaslilydmmunaemsifiemisany

¢ a | oAa Yt 9 Y a s =~ a a &
auysal anumgeundiniinenld@slivsuimimaiuaningsgiasinun me Azl
FNNUWINNINUIRUBY Wit uiUUITnANILaw ISt NI aZAMA AN Aay

NI NUN LY NIV UUSLIRUTIU

YUIUANSIUNNTNIDMNTUDIUSUAURIN  ANsdalsdunanisalludrsianuvasnanlal

Radananisaisstuguludmniuasduanelugmaug Tutisgguiuieis s (el sazdy
dmmuraemsileddunanisaiiundudinde Heiannuivaions launmands
] a1 QO/ o g < ¥ v &/
WML Tdruuszneuvesimiageasiiiimamiy uadlugmiuiu (Dance floon
WOVIINISIAUNIEENIN “lAUNI9” (Waggle dance) nrsiautiutinimdfAgdviunisdoans
Yo duegun Wesmnieagldyisseninnssudeaistayaamynilnelfusrawes
nonliiiufie Nav1veswmenldl seoeniviant uagsAuAuAMYeItvIIY Feloya
wiantagyilineiautue onlununasme nlidla egnausdiuglaglafdiunwn o9l azin
TRYATNLANINNTAITIN L UBNLARLYANNF DA 155NN UL WY ITVIINITAULATL LaeyiInTg
= = & 1Y 9 a{' v
Wiguieundlusinuuesnmn1muess mis wasnasunasdeddluniseanlunienns

[ £ 1 £% £ o L8] LY v 1 V1 v £ o A = 1
NHIINNISHULN I UAUAY Nﬂﬁ\‘iLﬂ@ﬂqimﬂ"\]ﬂﬂﬁ‘UlUU\‘iLL‘ViﬁQ@EJﬂllIi'JlIﬂ‘UN\W]'J@L!‘] UI0Y
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a -

Tuss dedwuinnninagnadldusnundeingiomisndaunmaindt wasusedny

£ o 2/ <3 1 o & Ad A 1 = ° | = aa & J 14
N\‘lf\]'m’lu‘LlE)EJﬂ’J’]ﬂ*’DBﬂﬂﬁQIUSQWU‘VI‘VILGZJ’EJ’J'm%iJE)']‘Vi'ﬁﬂ&m’]WG]']ﬂ’J']‘?j\W']ﬂ’Jﬁﬂ'ﬁuﬂz‘Vl'11‘1/‘1Ii;l\i

Y 9
¥
=

Hantemnsleag s itaziuszansam FINTAURNIUNDFRATVOYAVRIUNAID NS

VBIHIMANILARIFUN 2.8

Sun Sun

Distance = duration of waggle

1
]
]
]
I
I
i
I
® rood Food @
L | 30°

|
|
|
! \
1 \
1 \
I A
@ Hive ® Hive
" |
/ 130°
/ { \ |
v A | 1
! |
|
1
. i e
If food is directlyin line Iffood is at an angle to the
with the sun, the bee sun, the dancing bee changes
dancesstraightupwards direction accordingly

5U7 2.8 mil,éful,l,ﬂ'quuaqﬁqLﬁaﬁamséﬁayjammLma'ammi [26]

U UMD UIB 8 AT AN L TIEN (Artificial bee colony algorithm: ABC algorithm) [6, 8]

% aal A 1 =W s S =i = I A aa & 1
Jutupewdsnlglunsundaymnimismsedsnisimuigaungn anawseisnismdululs
NanuaLiialilarnauneeIms Wi Aleefian vseunfignveslamifesnswn Junewis
orantauiaiieniduniueatawuungy (Swarm intelligent: SI) Mildussdunalauiain
a Y ax A& Ada ° % = ) oA & ax
ssayAnasdudanasiumiunfemhldluntsundagmiieniririmaunangn Tuneuis
9100 UANNATIE UL A UL UUNG ANTINATTODNNIDMITUBIDTMNLALES  UT2Y1NTU8I971041
TipuRafioy wiseandu 3 ngu Ae Heu (Employed bees) A9 (Onlooker bees) uaz

981533 (Scout bees) lagisiMazaaNI@MITHAINAUINIToYAIN 8N VLR @IMITTINY

¥ a

v X = [ o X A =3 P < & [ Y]
Inuradgnseegluss Hudwazdenianuienwesnluiivemistusgiutoyalafu

U

[
=

NNAIY dremskmraslagniiuaunue M udwosnasemsiuasnane LU ui e
#1979 1 e udrmamunasenslvi 4 uneuisoraniaud aitsudusudlagnan 1w
Ansinesiivnzanianiitunoundndail

1) Buduaannmednnsiimesliiuisny

2) fuuatannmednsiwedludaninnne Smsiine SRuuddennnin e’

NN DN IAAIAIUMAUNEANLINNIN
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[

3) RuhguaazdifenianulaeduegfuAiANumIgaveleny Ladaing
LINLAB TN B S LAUININADTNIT NN DTVDINIIUN LA DN TINITUILLADN

LINLAD SN DS LA AIANULALIZENLINAIY

' ¥
faaa (%

4) AWIMINADINITLADINANAARILLASUAUIUD IV UN DU

9

[ '
= a

5)  WIINHMDSNITNLN SU9INII1UNF 98 g AN mua T uled 51 a7 @ $14
LINLAB TN B SV UL LAY

6) VI VUNDUN 2-5 UNTENIATUANINIUTDUN AN UA L

YUABUN 1 LINLADTNITINLADT U3 O AUNUIUNAIDINNTVRIH U F; UTenoumay
audn x; 1o i = 1,2,..,SN lae9l SN Ao Iwiuwvesilenumisuaniglueaniluil ey

. q' ° a ¢ @ Ay Al v
way j =1,2,..., D il D wnunnsilve Mavuansenimmiaiivagaulag  x; @319

lagaun1si (2.8) udAnnarieituingussasdnasaiauminzaulagaunsi (2.9)

e [ wavu; A9 AINIEALALEIEAYRINITIENeS x;; AEINY

q LT |
I Ao

rand A9 AHUNIAITENIN 009 1

1

1+£,0G) % (29)
PN AC N ey TR )
1+1GI i) <0

[

A . — A { § § o [y s a s .= &
dle fit; 7)) Ao AnvesilnduingUssasddmsunnnesmiaiives x, dudu
HINFUNADINITAIAINIITR B SAAN e
YuRBUN 2 HeuanmesnITdwesluil. 7, 910 x, menilaainaunisi (2.10)

LaAnAeA TuIngUssasd wavAiANmsITaLufig R Ui uTun o un 1
Vij = Xij+ @ X (Xij— Xyj) (2.10)

W x, Ao wawesnliwesnduan x Nlilldnnwesmanilwesifeitiuiu x,
. A o < | A 1 =2 <) (Y | aa '
j Ao dnuAnduniia1sendng 1 69D way ¢ Wudnavguniesening -1
09 1 ASUAZonNNNWeSTEWDITENIN X, Uag ¥, 7IAIAIUIMLNEENANINNTT
& =] X I~ 4 a 1 1 I A o 1 . —
Yunaun 3 Haihgidenianulagfinsandnuiety p; AwIune fit; %)

TAgAMNIUINENNTTA (2.11)
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) (2.11)
Pi= Z‘Zvﬂciti(fl)

'
a v 1

N3TUIUNTEDNRINUYDIREY EHNH U gUsAazAIduA15Erdng 0 fia 1 wmils

4
Audfisuiy i p; drenduiudentioonin Audhgfasdeniseuiady Aadgazaing
nweinive slndainunwe fwnafive Svesisnuiiden wiouisduandiflafdy
TanUsgasAuazarmnnmuizay 910G uisnuazideninine snisdmes Alid
wangaufinnigudetusutuneud 2

1 [ = o

Jumauil 4 dwuiilanlignusuAtinmeinslivesineduauisduiuininue

¥
= o

19 (Limit or abandonment criterion) i 9 AR M uA LT Ul g1 59aud M uaLinnes

W15 TmaStvdA8@UN1TN (2.8)

2.6 NMIMAIAMIEENNFARI8 T ANTANLA

FBoruliauum  (Ant Colony Optimization: ACO) [27, 28] Wunidlungudan o3y
LUULLRNEITIAN 88NN TINN5A U LE U MLz AL a s Tun1sAUMIA o U tae
9B NITAE UL UUNGANTIUANSTIUYIRNITN0IMITVOINA - F9T5N1590987100 N TUATT LT T
N1SAUNIAABUILINUAT TR UAINB UL INAINEU B135n1501003nsualagniiauslag
113la 1e3ln (Macro Dorigo) Tl 1992 TagA8n1sszuuunnieslaindnsualalsavun 1ala
NNTDBNNID I ITUDIUA %qm%tﬁumamﬂ%qujt,mdam‘wmmzﬂé’umﬁ%wé’ﬂﬁ]’mlﬁ

= v} | a | Y ' Aaa | =
2MM159NA5S TUSEUINNITAUNILUMDIMIS UasazArUaRed1sAlNnEynIn ansilslau
(Pheromone) tiialumsidug lanununauvssiiuniusesvasasilsluy Feansilsluuay

= | - P~ | wa a v o
sgillonaiuly nsssmgvesansilsluvasliogpasaiiaimuanaudiniaed fetduy

a a o § v = ' a o ~ P
PINsresn1ang NN UlU eyl asilsluussmenunluszningmae ssd@unialaiiun kil
AsaenAUludWUNIIY  USuaavesansillslauniazdesas sedimnudululanunaziden
Wunneiiutlogas aulunanyusiuasillsluuuudumntuazgnssmelyaunun FaSennaln
111 nszuaunsUoundunuuay (Negative feedback) mnsseynisdunaziianisseinely
PUA ATV INANITAUN MY DINANANYAINIDLUNITLAUN 19U DIUAVAIYTOU VINLAAIAINULTLTY
999a159 L5 UL UT AN UN1NTUT 9@ LSS onnatnta1 A SEUIUNISUBUNA ULUUUIN
(Positive feedback) Tun1sidenidunidlunisidumemisvesun uanndadndusieswinisgy
LB NEUN LA UN NN TSI UNITAUN NUID NS AIUULARLLEUNIIIT DN EVINAUN U A b
agiilugsasdenidunieiiy Weiulugunatemis ngeneg Mldliforantauunaiuise

a5uelanail



25

1) nnAguaniug (State transition rule) ¥84350lANLA
unagyinsiungenilslusdngamiivie Gondn nswWdsuaay unaevininas
dengaiialulasofungmiauasuaniugiil 2 madenidululy Ae nadendmaiion
watnasdululdlmi (Exploration) nien1sidenuatnaslagendurmuiiduiiiogio undn

(Exploitation) lag Amunlvigafisunegununie i Lazaafunasidun1elulnueig j Lagying

denqalagldaunsi (2.12)

[Tij(t)]a[nij(t)]ﬁ o
pilj' (1) = 9 Zkeattoweay, [7u®)]*[nuxc(t)] if Jj € allowed, (2.12)
0 otherwise

Tnodl allowed,, fio Wwavpagailmdedmsunnii k luvaziunegiides i

7;,;(8) Ao AWlsluu At

n; () Ao Aeyadisadn (Heuristic information) vserinulndiAueszegn g
nes i WU j el ¢ laeimunli g (0 = 1/d;; wae d;; Aessueneseninuies i
wag j

ap Ao AATTUAIIIENIUS SEn ALl AT AU RYa BISaRAN

2) ng)USualslunaan (Global updating rule)

WeUANNFANAUNNATUTOUVBLAUN N LALLAUNIUNNRALET Ldunandiszerlunig

'
a

unnfidunanizinyaesiilsluudidn diedunsasndumiulidaougiu Jaundy

nlirmeuiangawitumaan sl Susdsuailsluy Ingaunisnisiiuilsluunan a9

aunnsi (2.13)
Tij(—(l—a)"l'l’j‘l' a'ATij (213)

= & ) A a a '
We  a Ao 9m51n155erevaaiilslay (0 < a < 1) 89A1999 a AANINWINGA HANSENUVDI
WasuatauilueAniazdetipeasviniu

At;; awnsanlanaunisn (2.14)

At = (2.14)

{(Lgb)'1 & (i,)) € global — best — tour
ij

0 HYLIR
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(% '
=

SR Lyp AD PYENNVDUFUNNNFUNGNINTEEEN19IInUA (Globally best tour)

q

a{' & 1A a A o o A d' v W =
NNAUNITA (2.13) iudt Wsluunmdeluduninduign Wenuiusnnssemevesi
Lsluunssmeluludunwidunan  sslianduillsluuiuaUaesoeninudun 9ty w9
waneeiy MsuFuailsluwsaune WsluuaggnuasslvssmelUvudunenisse sn g
.

dungn wazazgnUaeseonunINuARInAlUAINSEEENIN Ly, Aeaunisi (2.14) Fadudunig

q

NANAAIINTIIUAUN 1Y 9UA

2.7 YUNBUIINITVIAMBUMINZAUNTFALUUNGNBUNA

TunerAsniadmeumuzALignLUUNgue YA (Particle Swarm Optimization:
PSO) [29-32] Lﬂwﬁﬂuﬁgumaufi%ﬁLﬂuﬁﬁaﬂumiﬂmWLLf‘Tlsui'Jfgmﬂ13mﬁwmauﬁLwm vay
fian daudunumiliwesnmeainkuungy PSO gvaudulud A 1995 Tnelaud Luud
(James Kennedy) tazaiga 8iunsnin (Russell C. Eberhart) Slin@Anunannniad s uhuy
wAnssunsomsvesidaiivie misuuuduls Tnsnzgsunuaztaan wazngud
nswwasuit (Velocity theory) %aéfaqmﬁaﬂ'm,ﬂ?{auﬁﬁ’wﬂuﬂajuLLaxmsﬁuswzﬁwiszN
un IneSenunuiaziiiteaunia (Particles) wWAazaUAIAGNRTIUAIEATNTILAZH LN itht
FsvdmeuiivazauiigauuundusynSuF I eNsdteun AU ufin1 g
#um (Search space) Wia$ausznsSusiy PATNSAAs LT UUi LA LT 1A 1A
AuvaRATanuesnasl (Global best: gbest) Lagduntisifngnvasoynia (Personal best:
pbest) [a8NTLUILNTIONIE NIV IR WML A NTIGRLUUNAN 84N 1A Iz 5U FUU Jeuas
Funieneuluii ey o aund1agnumAInoUTiMINgaTign v3onTuTeuR Avunly el
Muvisfinfigaueaileuiwitldluseugansazgninnlfidudineure 3 mamawmanzay

NAARUUNFNIYNIA

1
Y A

sy MR U s N IA R UWANE AN T AL UNGUe YA aunsnau e lddeil

1. AwmuaaEudulioynin (nitial particles) lnsn1sgusiumiiuazimunai 11152
Sufuveseyniasiavaluiudinisdum

2.U5gifluA AN UUBILAALaUA1A (Evaluate) Lag Useiduaina1adnavingay
(Fitness value) Wmuilanduinguseasd (Objective function) diothluldlunsmansumis
firfignveseunin (pbest) kardunisiaigauengueynn (gbest)

3.115U5UU A pbest (Update pbest) ﬁamsﬁLwiazalgﬂmvi"mmﬂ%auLﬁaumm’m
WMHNZEUYDI8UNIANUAT pbest WYaRIte9 kagyiN1sUTUUTAT pbest ¥aeita9RI8 AN

AN ANVRIDUNIATIAIAN T
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4.n15U5uU59A" gbest (Update gbest) ﬁamaﬁum’asaumﬂﬁwmsm‘%auLﬁaumm’m
WMHNZAUYDIRNUBINUAT gbest YaINaY kazyiN1sUTUURAT gbest UBIRILDIMIEAIAIY
WaNzaNYoseYNIATIATANTY

5.M3U5uUTIAIS (Update velocity) AonnsuiuussAnimisivesusazoynia 1
‘Lﬂumsm?{auﬁmaaaymﬂ TmensiAn gbest pbest wazAmusuAnLlslunIsAI U

Tneldaunisf (2.15)

Vi = wuf + cyry(pbest — xt) + ¢,y (gbest — xt) (2.15)

e
~t11 = 4 @
vt AD LINWBSAIMSIVBIBYNIA

5L @ NWesAMUSIANYeBYAIA

pbest f® AWUNUINANEAVDIDUAA
gbest A9 AUNINTNANAAYDINGY

s

[ a A ! 3 v o | Aaa J
NUi%ﬁVlﬁﬂ’]iLi\‘iﬂ'ﬂiJLiﬁlﬂEJW]']LWMQVI@VIE!WU@\‘]EJHQ’]@LL@%GUENﬂ’ﬁ}I

(%)
[

®)
N

o))}

9
9 AIN1T09ININ (Inertia weight)

S
)Y

oty Ao enitliannnisduluiag [0,1]
xt o Ae Aunididagiuuedaunia
6. M3UFuUFeFUms (Update position) Aenisufuussdumisvesoynialiindoud
lugauvisval Tnstharaaudadldannsy fudslutwme unoundhanldlun s uin

Tng @50 AUl NANNITA (2.16)

FU = gL 4 g (2.16)

e
X1 g nnwesaiunudluivataunia
k a

PHL fe nnwesanuiiluseudantuvesaunia
k q ]

7.0519@UANPINDUNIDAIAINUMLNZEY (Condition satisfied) wazAmuaiaulalu

N1SNYAAUNIANDY
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2.8 YUMBUIINMIVIANNINSAUNFALUUUNNNT

IS UNIUUULANIMIA (Cuckoo Search: C5) [33] 1 unil dluisiunn8q3adn fign
tauelud .a.2009 Tnevee (X, S. Yang) wasiiu (S. Deb) iiatuldlunisuitamninis
Fuanfiinzauiian Taefusaduaalanisdmeinssunislinides (Brood parasitism)
YoeunnwI WesnunnunitliadeSwarldfinlues wisglurlulusweswundudnn
louaginlyly Sondt “unidrvesds (Host bird)” udamunidwesssiinliliveiu fuevas
Touldvasunnuninii vsenesudaadeslndfisu Tnewlulveunnninasitndusié:
Nl9v09uUNANTBIY 91NNFNIRNY WUl weRnTIuN1sTuIesdRInatestindssusnas
Lﬂﬁauﬁiﬁaﬁ%auat,l,azl%gﬂ wuu Fanansliiiuddnuaznisedouiivuuial (Levy Flishts)
ﬁqgﬂﬁ 2.9 wiowdinsztnasfamnsafieitosiudnuasnisiadeuiiuuu Lévy Flights e
s urty el untsLAa oud buu Levy Flishts 89 aiunldlun suddayminisduniead
wanzandian [34, 35] HaanmsAnwidefiriunauivlutiagtudnlygmuin 35nmnen
AN EaTIgALU UL NN ﬁU%ﬁwﬁﬂwwqaﬂfiﬂﬁﬁgumaufg%ﬂ'ﬁmﬁmaummzauﬁqmwumju

aun1A (PSO) Lagtuneulsilieiugnssu (Genetic Algorithm: GA)

10

-100

-200¢

230 L L N L L
-20C -10C 0 10C 20¢ 30C 40C

gﬂﬁl 2.9 Fedednvaznismdsuiinuy Levy Flishts [34]

TUNBWITNITMIAMINEANTIAARUUUNNIWMI UsenaumeauBntuimizely galdus

Aaa

aznasldunuameuvesdam lvssunnunitnlinunm @alnaideaiudAmaunanan) 9

[

NuuzAa18AAINU YYD IUNLAND 9T TunNNgAMIN lYesunnrInilantaniazsenwu

g}

ynnsgnAunukazleuisly wazduladuunnuniisudaly dwldvesunnindniilud
AN (@Aielnadneunianagn) alidnarmtnsdulunisilavesunnminegnAuny

PNUNAVDITIBETENIN 0 3 1 (p, € [0,1]) wara1Rzgnlounie MTaunNIvefiasnesy
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veaeselndludunusdy 1IN Usernsmuiuwwedss (xf) egnasivulaenisgy
AN ulIIsNMIAUIMULUNN I INTS N Y LN ISR UTLUY  Lévy Flights dudian

musdsSianaly (1) aunseiislauszrnsndeluiidudmeuunulameaunsi (2.17)

xfHt=xi+ s QH(pg — &) ® (xf — x}) (2.17)

g

xbuag xf  Ae msuwidgmiiuenduiuaesuuuilidonlaenisduaeu

H(w) Ao MeATU Heaviside

£ fie MiavduiignauainnisuaniaskuuiRen iy
s Ao szeznTElan (Step size)

® D HARMYBLINIADS

hﬁmn'Nvi‘f’iﬂﬂﬂi@ufjuﬂ"aﬁuﬁﬁuﬁ%ﬁumﬂmEf[,% Lévy Flights Ineldaunisil (2.18) -
(2.20)

xt+1 = x4 o @LéVY(A) (2.18)
Lévy/ =zttt \U L 1|£13 (2.19)

~1n

I‘(1+/1)-sin(;?};) (2.20)
r(122)2205)

Lévy(D) =
g xt A AwmbivesSsluseulnl
xt - Ap Auniaresssluseuliy

< A VUAVDINITAUNN (Step size) TIAMITHNDTNLAIINATY O
(x>0)

o A Ao vwnatumeuiAadestuinadiuvesdigviiiala nisufuugeannasd
(2.18) 9¥@1U1TANANTUIAUNTALALAAAN (Stochastic equation) @1mTUN TR UL UUEH
(Random walk) [36] Inevilunsifiuwuuguiduiaslaniaen (Markov chains) Jsanug
viean1uil delutusgiudumsiiagiuminiu (mosusnluaunsieunii) uazarmiies
Bulunawdsunuas (mewdiass) sgalsinulegdulmsinisiinsaulnenisduitadluiiui
vindlna uaraniuiinisaglnanerndmeuiiafianluiiagiu Adeeviliudlaissuuasliie

ag/lupn AnannIz?l (Local optimum)



30

fupouiBnmAmnzaNTiaaLUUUINN NG ReeguuAnfiuguesiEn1 s un
wuvLnnn 3 fededelui

1. unniusazinaslising 1 esensilufiidnsduden

2. Feiiruazlunfinunimgs (Mneuvesiaym) avduiunsludesudaluls

3. AmusdnnuSwesunidwessdildld () wazldindasunnuninazgnaundiog
UNLY1YDI5 Sﬁqzﬁ'ﬂ'ﬁmmm%Lﬂuaqiwdw 0891 (pg €[0,1])Tunseidl unid1vesds
annanidnle videfasiluuazadasilual

MunAefiugIue 3 9o anmnsnthanasidudunouiiuguestume uisn swaen

AN AARUUUNNWIN tagiadl

—_

AmuaHantuIngUseasn £(x),x = (g, xq, ., xg)T

2. a5ussnssuiuves n lnadusnnusadudu x;, o i=1,2,..,n

3. pvIadeUIRsUTeURMINATiimuavselll (Funasifdeamya) dildlvivinany
Sunouit 9 §lillivimudunaui ¢

4. UsmiupunmeessianilatuinnUsvasd F adsmndudentiduiuiyssdy
AAMNAUTSATY F

5. thefildundSeudieuiu dwanen F, 100316 F; Tunuiiss j 1Jusmeulng

6. TngiimsaunuSlndiudesidmutnesdwnnniie p, Admuald dmsuse

¥ 1 A

liue p, TnsPTddaanesln

q

2 o Aaa A o oaAa
7. LNUAMBDUNANEANIDINNUALUAIN

q q
j 4 ¥

8. BYIAINUNARNSA LS 3 nTuUNaulUMTUN DU 3

[

9. waansgaiiwazlaAmauNAan wsaSInHAMA NG

2.9 UgynasmAmansauniivane nguseasd

TuntsuAdgnanisuia1alaumutgaun dvateing Useasd (Multi-objective
. . Y = = ' .q' A a
optimization problem) [37] AIIABIUNITANY MOV VDIN 1TV IANNUIZANNG ANUNA Y

TrgUszasd laganunsaaguindenanta 3 Wade sl

2.9.1 MANNITNUFIUVBNITUIAWMINLEUNGA
! A . . . < ad A (3 Saa
NN EaNTian (Optimization) lWudsnsildlunmsmdmeunnfnanves
Jaymnelifeulavsedediafinmundu nsmeimuwauiiandednduddivislunis
widgnilumeingnisreuiawes Uy ey N399Ity wasaiu1aun
a v Y @ 1 a 1A i 1 v <)
Wneteslailueged Jgwinimaivanzaunanaansasudlaeanidy 2 sUuuuaunis

1Y

fasaunilaniduing Uszasd (Objective function) viseilaidudvane sail
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v W

1. p1sviAwmngaudigefinasaniad duingusrasdiiesing Usvasdien
(Single objective optimization problem)

2. MamAIEaLigaRfiansu it uingu szasdvaneSngusrasd (Multi-
objective optimization problem) #3adgynn1miA1A M WA NI SMAE LN 8l

(Multi-criteria optimization problem)

2.9.2 dnwauzvaslgminismamangaunganivateingusseasa
nawidgmnisamnrauiganiinateingu svasiidun1sdunug arn ey
neluiiuivesmneuidulla edesnismendesfian ieaAwnianveail addu

IngusvasAlundasileidunsons dulaenaansnlannnisuitam Senii weanguainaui

q

Al Y ¢ & o @ 3 1%
anan Jaymuwuuraie ngusyasa Wudgymniseenuuuiiivateingussasausznaunig

9

m fnqusvatdlaziulsinduls [38] Wouegluguiludsaunisi (2.21)
Minimize (or maximize):{f; (x), f(x), ..., fn(x)} (2.21)

dl' I s U U Aa
LD x A8 L')ﬂLC‘]@ﬁ%@\?WULLU?WWau1Q
£i () e ManTuingUszasan i o i = 1,2,...,m
v O ! a aa Y} s - v
@QUUEULL‘UU{]@JVWﬂqﬁﬂ 1A WLVQJ'Wa@JV]q@VlﬂJwa WEJ?@Q‘U 5289A¢ LU UN 1A UNN
& o 4 v o v (% P ! i 4 o v
FINLFAIRIAINBDU X ﬂ']EJELG] m UBANALUVUDFUNITAIFUNITN (2.22) ‘Vﬁaﬂqfﬂm n YInNALUU

AUNSAIAUNTN (2.23) Faazidunisivuasuwaiunameaudulyle

gi(x) £0,i=1,2,..,m (2.22)
h(x)=0,i=1,2,..,n (2.23)

ad o o

2.9.3 FdmsumImaamanganganiivateingusea

[y

ad o (% ! = Aa 3 ¥ ad v ag v
W wSunsmAwvngaunannivale nguszasausenaume 2 3avaniy [39]

A® 5 nasiua1aImln (Weighted-sum approach) kag 35N UFIUNH5LA (Pareto-based

approach) lngNszUIUN15Y0935919@0W@raS AU 2.10 wazFU# 2.11 Auawiy

) [

ad U 9 o = & ad o [ ! 7 aa s
TNATINDWUMUNTUTUITAUTUNTIANNUNSFUNAAN LAY IO U TEAIALUY

9 9

(3 (% (%

audun Mningussashgdunsiudulaeaisimtniumdeiiissingussasiidies ndsaniun

q

Tdmaununzigning Ussasdifealuntsmaneu dlasdiulngiazldmmnaumunziga

q o

WesAmauiied winasdudmeuiidusgainufndiuiivedldilioaninnisninuna 169
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H o PR o . . A P ° = a &
WUmitln widnegdAmaukuunanss (Compromised solution) Aianiiesfinauiied maliall
Aoutradundey Wesandelunisilulyd

o o and @ ad ! el' [ 3 1 J -

dmsudsiugrunsinduisvna wmnsiianinguszadvaieeg . Ameui
Jululidummeuilifidneulafniniu wielifidmeulafisunsaaseuimadneuiils 9z
a o dy 1< 1 o a d' . a a o
SonAweuillu nquAmeuimIngaunian (Pareto optimal) wasiFunau1Ine1neunn

AMMOUT WN1zauT dn (Pareto optimal set) M3 aLgnAnauil lignAsaudanyndAmey

(Non-dominated set)

Multi-ob jective optimization problem By additional info to estimate a relative important
Minim ize/Maximize f,, weightvector(w,, w,,...,w,,) one compromised
Minimize/Maximize f5, ., — objective=w, fi + wafo + -+ w, f,
Minim ize/Maximize f,,
Subject toconstraints.

One optimum r T, .
/ solution B Single-objective optimizer

sUM 2.10 8uasausreumin

Multi-obj ective optimization problem 7 —

Minimize/Maximize f;. > Multi-objective optimizer

Minimize/Maximize f;. ...,
Minimize/Maximize f,,
Subjecttoconsraints.

»
-

. Choose one o Multiple best
. ‘/ Selgtion By additional information ML
B > for solution selection -
- a . - - -

L 4

v

[

UM 2.11 F5dugrumusls

<3

2.10 1Aseulafildlunnsadreuuusiaas CloudSim-3.0.3

CloudsSim [40] feiduaseailedmSutinidefvinnfideifeatunisussananauwuu
naualukdynetulaRaseiiugIy (Infrastructure) N133nNTSAS0Y  NSlENE 19U
(Power) N15dnanseenud Wiy sy CloudSim gnideutiulaangy Grid Computing

and Distributed Systems (GRIDS) Laboratory 6?@1/@’@141@9%11143% 2alUTUATUNTE I
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wuuaawaziusandLIsszuule Wslvindduaunsaihluiausssenls Teaziden

284 CloudSim fiareluil

2.10.1 &nwaznaluvas CloudSim
CloudSim [40, 41] WJuresiiefldlunsadauuusaesdussuunsussanana
wuunguisifanmandeumilousie Snvislunsa¥rauvudaesdusianunsarinas
USuwdsuimnniwednuanudeanisvesilald wu annsadassanmuandouvesrue
Yoya (Data center) TsuUsznause 1n3esnouinmesiaiion mhearwd mhefudeya
LAULATS (Bandwidth) Wudu 993Ul 2.12 uandlifiuissuuuuddutues Cloudsim

wazan Unenssuued CloudSim

User code
Simulation “ User Application
Specification Scenario Reguirements === Configuration

Scheduling
Policy ‘

Useror Data Center Broker |

CloudSim

User 2
Virtual

Structures
VM Cloudlet VM
Services Execution Managemant
Cloud VI GPU Memory Storage Bandwidth
Services i Allocation Allocation Allocation Allocation

Cloud
Coordinator

Cloud ‘ Events ‘
Resources Handling

Matwork Message delay
Network

CloudSim core simulation engine |

| Sansor | ‘ Data Centar ‘

Ul 2.12 anlnenssudiduduras CloudSim [40]

2.10.2 auaudAnaluvas CloudSim
yeandonauautives Cloudsim Sdwioluil
1) atuanun1sasvuuusiae il oguuiiuginaeslasadnavessruunis
UszananaluunguLe lfuannsnayeaudteyauueioman 1 nFedld uazannsndias
nsaaTesnauiame failouls
2) maviendlu CloudSim aeflumasmefuiduvesnuies 1y nsdas sque
Taya N13liuIn1svedlusnines (Service brokers) N153AN1519115%197U (Scheduling) waw

Woulvlun1sdnaunaznineins (Allocations policies)



34

3) Cloudsim tHuesesilofidolaindinumenlunsinnisiursesrouiinmes
@flow Wy anunsoadnazdnnistuuinasineg Ihadowriosmeufinmesise wazusay
isesnuRmesadoursyauuuuidudassreniy

4) CloudSim aedimuianguludrures msdassnsldfuiifutu (Space
share) waznsldnarnudulunisussanana (Time share) @flounisldnisuinasiades

ADUNILADSIAL DU

2.10.3 §UuUUN157I191U984 CloudSim
T3 lUsUkUUNSIeLlusTUUNIsYSELIaNALUUNGUINRE U TEN DU BN
PN TRUNNLaEITURUUURRANANTY Iag Avuali

o Funuldemianuainiy m aw Usenausiy

{User,,User,,Users,..., User;,}
o INNUNUNIAUAWIINY n 91U Usznauale (T, Ty, Ts, .., Ty}

o INNUATEIRBNTIRDSANR WYY Kk 1ATR9 Usznausiy
(VMy,VM,, VM, ..., VM, } W
o mnuAUdnateya (Datacenten Wiy p AUdNaYesya Usznaunie

{Datacenterl ,Datacenter,,Datacenters,..., Datacenterp}
SULUUATIYIIIUYeY CloudSim ansauandlinsgui 2.13

Virtual
Wb

Tasks

Users

UM 2.13 nsieuwes CloudSim [31]

uSn1s?eyauuAaie (Cloud information service: CIS) 1 usiananslunis

Inassusznialdusnisiazdlouinig nglunisinassuiuagdedifisninudeanis
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mawﬁ‘l%’u’%mi FaUsenaume Datacenter broker, VmScheduler ieig VmAllocation policy
= = % dy
U59azLRYAAI

1) Datacenter broker @JLLaiuﬁau%amﬁmmiwdw r;ﬂsé’fmu (User) LLawf{
TWU3N1T (Service providers) Taglun1sdnassnuliiu VM duagdesarileieninus 09013

YBI LTI

Y Yy
v A= 1

2) VmScheduler gualudiuvesnisinasmingnslvnuusas VM Nstiuey
Aun1siInuanIsInassnIsinunuiuasn1stdauiulunsUseulana
3) VmAllocation policy viwithilunisidenaud veyalvimuzauivleadlagg

N MheATNd mheiutayasazaudoimsldvuesaiosmauiiamesialon

2.11 9UINNYITD9

M9 uUsEANS nmmssenisanuLazmsviiiszvueyluannzauna (Load
balancing) luanmuwindeunisuszananawuungumandudgmiwuuduiiuiysal (NP-hard
problem) [42] few u§ eVl § e1u3 fesruauannldiauesanas undedsnasu ey
UszAnsnmmaslsznanautunauissldyniivansnan wu n1sdnasmineins dunou
MsdpRsuasnsiilszuuegluan nzauna WWioanseznaN1YULAEN15AAN1S
T wdsnulusguu o udu wadlunsyaunndesnsdald numinean i ey ogned
Uszansameisesosnism wnniilunimiieu Sududesinnsianisssuimuizlag
Filsfmane TngUszasdnieanmuindeenand fiisdinisliduneuisn1ssa3adin
(Heuristic algorithms) [43, 44] TunouBN IR Bn3aRN (Meta-heuristic algorithm) [45]
T un o UISIA1875 @R nuUUREL (Hybrid meta-heuristic algorithm) [46-48] w3 o uifnsuits
FnnsEouivenna (Machine leaming) [49, 501 ilothannnsdnms1sanuLaz n 15y lor
sruvagluan1izaung Aoy

11l a.f. 2010 Fang et al. [51] lAtauon1sdanisnansvinenulul ssaiananuungy
wal Tnedilafanudosnisvesilduitinmuisuiasmasanauasaiiiniansy ane
sunuvaugaluanmindenseinisUszanananuunguus Wegldiuazaudesnisly
nslfamminensiuuandiuuinty Tasld Cloudsim Faduyainiesiiedilunisasng
LUUSARWBITEUUNTU STAnANALUUNGNIE annsaldvaaouysEansamue s5y Ui
stmwnlval iuetesdefiazainlunistmunanmuindounuiglddesnts iy n1siadn
vosquiTeyauazidosesimefiaiiou udu Gan et al [52] Tn1siauen1sinaseay

lnglddunauisnisdiaseniseumilen (Simulated annealing algorithm) lagiignuseasn
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wanlunsvieude Weinyssansamnailunasauiiunis (Execution time) veaanuluy
AudUayalivanzay

Tull @.¢. 2015 Pateletal. [53] iauad unouisn1susuusalvand aunalasld
§ane37iuii3and1 Enhanced Load balanced Min-Min (ELBMM) algorithm d@1m1¥udnn1sns
PULUUAAnASASTRMUA (Static scheduling) Inesugnimualiiuiniesnouiiames
wadiou 4 s arsanananlunisdidunisuaznuazgndanisnslu i enszawlud
n¥mensildlafinnsldau

nMsdnasminenseguiuszansamlnesjathuilowsdylufuyssansamnnsly
WA 997U (Energy)Imﬂiéﬁf‘g%mmwmimﬁmammmxauﬁ'ﬁwawfmqﬂﬁzaqﬁ 7 Sunin
Multi-Objective Optimization (MOO) g nna 139 ¢lne Shrimali and Patel 1wl a.f. 2017
[54] wenanilfeinsaueninmienising s ptosreufumesiadoulagldiants MOO na
nMamnasaandliiiui’is Moo thilvgnisussndandsnuiosandinisdnassm fnens
aguliuswAnsnm IagliinsenusiaUseaniamnisvinnuvesgudtaya

soulud a.A. 2018 Hussain et al. [12] Mauesane3fiufidenin Resource-Aware
Load-Balancing Algorithm (RALBA) 1t 014 lun158na519uuui a1unsaus v a suld s
anmzwndenlun1sviiey (Dynamic scheduling) fiflnsdinauiiddnvandudassno iy
waglilannsawnsnseninsnisinulitueiesreufiawediaion lneuvsnsiawdy 2
a1 InwdunsnAemadensuiiivnalugialviuetesnesiane fadounivssavsam
asiign dauil 2 Ae nsdnnuiindelviiuiesesneufiumestasloufianunsavinnuldiiiigalu
NMSALEUNIT HATINATINAADINUITID RALBA @unsadiganiatluid ey (Makespan)
Tuszuu LLG]IWU’J'ﬁ%miﬁﬂ’lLauaﬁuLﬁﬂﬂ@}%’]luﬁi@wa\‘mWiﬂﬁZQ’]EJﬁuLLUUVLN'aﬂJﬂa (Load
imbalance) waziin1sldemmineansniuszansnwanas

ddurtend mel. 2019 Zhang et al. [55] ldAnwuisafunisussgndldtuneuisnig
wuudBaAnluligminisianseuuaamd laefenysvasdlunisfannssuiioaniianly
nsviulifasanazand dielunisdudiunis WeswnUsyansamwlunisdan 15191 uly
dU15Mn3nAanIA (Smart grid cloud)

finidesnnunnldihduneniinsumitainuasiunewitumtafnuu unay
iothlulHluufdamiluanmuindenvesnisUszinanauuungus fMeg1ssmiids wu

Tud A.d. 2011 Li et al.[56] tausd unaudaili3en3n Load balancing Ant Colony
Optimization (LBACO) algorithm TnsnisthduneuisnAwmnzauiigasessuuening
110 (Ant colony optimization: ACO algorithm) srildlun1sdanisenisyienadieorildss vy

WinAduaunalunsvinulazaniiatseidvinulussuy
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T A, 2013 Tawfeeket al. [57] nanianisduneuiivaumuzauiiaadae
svuveanianue Wetisannatlunisdwieresuluanmeindonveinisussnang
wuungue Seideulduandiifuinsislsransnmussszuulngldenaniie uun il
UszdnSamn1svinanuan1135n153nAUUN15IUTOU  (Round Robin: RR algorithm) wag
Wn1sdnmTanawuuIneulaneu (First come first serve: FCFS algorithm)

I A 2015 Awad et al. 58] ladinsweuelumalagnisitune wisman sy
fianuvungueynimntilunisinaseaulituiniesneuinmesiaiiou lnsiausdane i
fifidedn Load Balancing Mutation (balancing) a Particle Swarm Optimization (LBMPSO)
Imaaejuuﬁu@umaamﬁﬂmmLLazmiﬁmaiiw%’wmﬂ'ﬂuﬁzuumiﬁixmamauwmjuLm
Tneffadanaildlunsdsnluduaiosmouiinmesaiou narsulunisien Alldaed
Aatuluszuusazmuindoievesnisidaussuuaans

Ali et al. [59] iéfl,auasﬁzumauﬂ'ﬁﬁﬂmﬁwﬂfﬁﬁ'muiuaﬂ'rwLLmé’amaqmﬁﬂﬁzmama
wuunguelaglddunaias Dynamic PSO (DAPSO) uagtuneuisnAumnzauiiganuuun

a

N1 Fasensauiulain MDAPSO WiavinnisiSeuliieudssansainnisa 1us £va1e

(%
v a

Dynamic PSO %umauﬁ%'mﬁhmmzamﬁqmLLUUnduaymmwummu wagdsmsithiauetiy
Tnensifinsinusuazifinsniue e uiwe safloudluluszuy wandliisiuga
MDAPSO fiuszansamlunisvienuuinnidsnisdug lusdvesnsannaimdlunisyiay
YaIsBUUkRzANANATtuNITlEnInenslun i

Ui .6, 2018 Basuet al. (2018) [60] lafintsuuzthlildduneniswndsafnuuy
wan 7139031 GAACO InamnnImaNsynIIBiSsiusnsasd una Ui yaufian
feszuvetauLn euddaminsdamssnu s Undindud umesidnvesassnas
(Internet of Things: loT) luan muindeuramaLuusiaRluswawas (Multi-processon &
Fnsiauetdinissuseslutemenisussauiu (Convergence) Amanzay Taaiinasv

mMmegeUivTLIAYeNIULarS Ul TaLge St Tukdgameanasadunsid it
LazUSYAVSAMUBITTUY MNANMAADINUIT JuRads GAACO fUszansnmnnsvinany
Fnisdwiugn ez dunouiBnAmnaufigndessuueandiaumn luan s
Anafuvesdailuswaesfisaiu

Tl A 2020 ieannamulundwhonlussuuuazaduaualiiindulussuy
NSUSEIIANALUUNGLMY Kruekaew and Kimpan [61] fauetunouiBnisdanisasiy
Tnel935n15873a0n (Heuristic task scheduling) iUt unewizenaniauiadion AiSenin
HABC algorithm tiadnm519n15I TP ULAE TN 1M 5NE N TTEUUARIA HaNTS
nagounui n15ld T unusaniaui wisuiiviaue v nusiuiunsianiseeag

#15001NVUINTBINUNTVIA LR anaminney (Longest job first) ASend1 HABC LJF
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algorithm T szansnmlunsdamsenisiumngauiign lun1snszaeanunuvauga
wazaanaisulunwhny devinuerulussuuidfisuntuasan muiadeussuuiina s
WasuuUas
MognvesmAduifefutgminisdamaanuiinats faguszasdlunisussanana
LLUUﬂdMLM%QﬂLLﬁJlSUI@EJSLGﬁ%umE]u”jgﬂ’lil,llm%’ﬁaaﬂLLazéﬁgumaufJgLNm%’ﬁﬁaﬂLL‘UUNE{QJ By
Tu am. 2015 Zuoet al. [46) IdaueisnsdamsanuiivatsingUszasd Tae

o0 < ¢

A0 5090 UsEANS A M IsEUULAzAgIeAaT U e ldruna 1l S seuuandauun

'
=

donTisnsfimanzaniign Tunmnaedldvinisuisuisuiuduneuds Min-Min way
FEnsdamsenauuiieldien MnnImeseunUI RS AsTIthauethilusyansa g
AnIMsnsdufithundsudiou

aoulud a.A. 2016 Heet al. [62] Liauadanasuii3eni 1 Adaptive Multi-
objective Task Scheduling (AMTS) TngfnilsaianasldnInens (Resource utilization) fiunu
(Cost) n1sldm&sa1u (Enerey consumption) wagsatluntsdminenuessny deldiinasi
funerismamingaianiuungueyniaiodrelunisinn 19199 SnaneYnn Uszasd
Tne3smsidiauedulddnaslddrduussans i o26lunsuiunnuidauas i uaan
nainvatslumsiiuresoynIa 9NN AaBUYIEANS Aes I st auenuI
annsanTisnnsuitgminstannsuuRs M ldvangaige

Tul Ae 2017 Tadnisiauesana3fMun19mad 17 i 12auvea3nw  (Whale
optimization algorithm: WOA algorithm) LLUUMaﬂafmqﬂizaﬂﬁﬂuaﬂﬂwané'am@ﬁﬂanﬁ‘
Tng Reddy and Kumar [63] § snagidouneienudnanseanulagodeaianumsnzay
(Fitness) lngBwnmdouly 3 Usemsfo AnnmueenIsu3nis (Quality of service) nsld
NEIW wazn TN SudleRansanannaN B esT IMUANUIY 4150 aAL381
viusazaTelunisdildiesesneufiamesiasiould

Tud a.e. 2021 Alsadie [64] wuawlsuisnvewunawisnisum s sannd mSunas
Jnasnesosmouiinnesiaiousuulawfindrenisinnissnuiimuradluganmuindeunis
Usgsnanauuunguel 3en11 MDVMA lngfinnsannisiulasdiaienisdannsaud
fvaneinguszasd Feiimathdanesfindaiugnssuvumsdnaiuiilignaseudt (Non-
dorninated Sorting Genetic Algorithm II: NSGA-I) angaelunisviny wietieannishd
W89 (Energy usage) nansiulunisinauasalgdtelunisvineu lunismeaeslaviinig
Vlﬂaauﬁlusqm%;ﬂaﬁf%aﬂd’l Heterogeneous Computing Scheduling Problems (HCSP) wag
1n1991803an1mindsuve sz Uulae 1Y CloudSim a1nn svinde vl sd NS wnuln

(%

MDVMA algorithm anansagaefinyszansamlunisdanisnsanulaaninnistdd une uis
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pmndiauiiafion Saneifiunsmefivazautenin uardunouismamszaufianuuy
naueun1A lukdivasnisannisldndaau atlunisvinu wazaldielugud voya

Tudlifeniu A 2021 Guo [47) Ifaueniadfisd sransamlunsinnmananaui s
vaneinqusrasAlunisusznanauvunguise 1neld35 Fuzzy self-defense IngA8nasi
Unaueiuszdniainluudeean a%ﬁ%aguqqqm (Maximum completion time) 8® 3113
azidlafmuaan (Deadline violation rate) uagn1slininensiadosnenfiumesiaiion a1n
nmadeuUsEANSamwUI ABnsithiaueiuszansnmuinnifisnisdanisefisivane
fnguszasdluntsusznanauvunauslagldiunerisssuvomniauun [35] wagnisda
M55 lagl9IsNsSe uswuUESLE

T A.A. 2020 Sanaj and Prathap [48] l@uen133an151991u taeldIsiBatugnssy
Larsane3TuN ST EaLYe91W T38n31 MRQFLDA algorithm ludausniauslsivin

NSLENANANUAN LN 82783 UYD91U na 13114 uT 918 MRQFLDA algorithm Tunnsan

vad o A

AuauUANainNkeneanu kagyin1sIanauages tngld MapReduce framework wagld
WBaiugnssu uagdanedtunsmaiimnzanveswlunsimunsugesliiuia e
aoufialme fiasio MNNIMAARINUINENsTI LU dw v léAni13Ensdu

Tud A.A. 2018 Amini et al. [65] I LausnszUIUn 15T AATINTNEIN TAMTU AT DS
roufiume faflevluszuunisussnanauuunguas Taelitune s naiuuswdns nmaes
wua9Ua (Dragonfly optimization algorithm) a1nn15maasswanslhiiug 115194 unew
FBnafiuszansnmyeuuacaasnsntisufulsnisisnistannenu msheliszuy
ANNIANTEBULUUALN S Laztaelunisiaasmineanslddninsldduneuenaniaumn
LAY TURUN TN AL IS WD UIB N IR U FAITAALUUNANEYN 1A WAL T UA B Y
91au1lANNA (ACO-PSO)

sioulud A 2019 Madni etal. [66] \aupdunerdsnimdwmuanfigauuuun
nUUIUUNAIeInaUseasd  (Multi-objective Cuckoo Search Optimization: MOCSO
algorithm) @ msudeyrinisian 1swauluan muIngeun 15U ssutanakuunguwe lagd
Wmnendniiteandunudmiuglduinisnisussnananuunguiuauaziisaniailun g
yianluszuu waannmmaaeuansliiiiuin 38 MOCSO fiszansamnsiaiimiiendy
35 n1smeme U zau i aalaeldd uneueandauunuuunats TanUszasd (Mult-
objective ACO: MOACO) T3n1amdnauiimunzaulngldtuneuisideiugn ssuuuunane
Snquszasd (Multi-objective GA: MOGA) nsndnaulagldarinangsan (Multi-objective
Min-Max: MOMM) La g unaui n1snA1me Uiz aud 4 anuung 1a 4 1A wULuaTY
TngUszasd (Multi-objective PSO: MOPSO)
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Tud A.A. 2019 Pang etal. [67] WaI1T5 n159AR151991UlA 85101 TUTEUI AT
Sane3fiuni1snszany (Estimation of distribution algorithms) wagiinismAmeuiimuizay
Tngldduneuisidaiugnsm (GA) Tnsi3unisnisiiin EDA-GA Bnsiliauegnivdeuiiteudy
FnsUssanmA19a ne3un 19N sEaeua I N 1R meuT v waslae 14T une it 13
Wugnssu lagly CloudSim Tun1sinaesanmiindaun1sUsELIaNARUUNGUWS HATINNTT
neaokansliiiuil EDA-GA @wnsagivannaminnuuasyisusulgsanuamisalunis
nsreaniludminensldegiaings

soutlul A 2020 Neelima and Reddy [68] ldlauetuneuiznisinnisiesnuly
nsUsznananuunguas Tasldduneuisniadiug szavsn muesuuaweuagdana I
7 9908 (Firefly algorithm) e Fil 96 9« Adunateingussasalaun tiarlunisvinnu
Aldslunsindunuian1szauvesssuy. HannaaeuUssansnmmuinisnisiilaue
ausnyiensgnenulldminenslan

TuT A 2019 Gamal etal. [69] thiauedaneifiunsesaludassvina unaue 101
Dauiafisauastuneuonuiiauan TneSenisnsibn oH BACGuintunnnisldnguwi
ooaludalunsivemansiadl lnesanadfuildmiudumnisuiuaunalvandmiunisia
1191a3 eanauiaimofialio una 91N NITMAAD MUT1 OH BAC a1u13ataedsuuganisld
Wit SnunnsieMvinueaaiesreriane faloulaziuaun laadng a1y
[0

nsliBnman1aie ute siasesgnimuadamaivimgluaa miandounis
USvHIaNALUUNE LS [70] 881998993381y

Tl A.A. 2014 Farahnakian et al. [49] IfaueisnmaBouiuvuiasuidaiioannsld
wasumaziiUsEavs nmnsldnnensluguddeyauunans

Tul A.A. 2019 Rugwiro and Ding [50] lAlaUON1SIAMITINIULATULUUIIA DA 1T
faasminenslasnmausevindunouitssuvenliauuaiagisn 3o Uil uiatuige
1§98 n (Deep reinforcement leaming: DRL) Taedi 1 msneiil oa Araa1n 139 ussLas
UsuUgasldnsnernsi Wiy (dle) Tasldnsvissdlululuunini uuu Inorder
(Binary inorder traversal tree) TngAneastimin (Weighted values) @m¥Un159AM1519997U
TngldiEnatouiuuuatuidaddiniiod wmine n siliinddou uaglddunouis
iz‘U‘Uamwﬁﬂmmﬁm%ué’umm%amamﬁaL@@%Laﬁauﬁmmsauﬁqmﬁwﬁmuﬁm

Tudl A6, 2020 Jena et al. [71] 1auot ureuisnisiunBa3afinii3ondn QUPSO
algorithm dwisudfuaugavedlvanseninumesnsuiinmesiadiowlunisuszanananuungy
wat Tneldnsnanszvinanisuful st uneuimamnzanigauuungueynin (Modified

particle swarm optimization: MPSO) wazWauIn15bd 9 unauifn1siTous wuuaa (Q-



a1

leaming algorithm) 31NN sNAdeUYEENTAMYB QMPSO algorithm wuineuFuuselu
Bowednarsnlun1sdvineu inUsuaeunyinlalugisaamils (Throughput) Lagan
natsenaiedlussuy  wazluliReaniu Caviglione et al. [72] wigin159nN9LATD
a s A ¢ v vas a 1% a o v a = dl' &
rouiumefaiioul ugudveyauuaa alagldignsBs uiLuuESun e dedn  Lialden

dwnsangauiianidulllddmsuusmsiniosneuiunesiaiou
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35N15ANUUIIUIVY

TusmAdelauenisussgnalidy g seivgd mivdaminisina e uniivang

[

mgUszasA (Multi-objective optimization problem) lun1sussinanasuungue lagld

Qe

a

TuppueIlANNLAsNiUIS N SE U uuESIL Tngldtuneuiinsteuiuuud (Q-
learning) ISUNFaNDINUNEUBUIT “MOABCQ” dnV9Tn1sHANTaIa 19 UN 5L 91Ul
WA VAN TLIAR DUV BININY NTTTRY ieMFULUUNIIAMS N UAMINgaUigadn

¥

MY

3.1 BeudgnuasmsimuailsiduingUszeasa

lunsSeuiisummeurasdaninismimaumingauiaaniivangingu svasd 19
ABNIMAPIUVNANLUUR TIN0 9 UmTN ilendmeufivanzauiign dngaziden
Aano ULl

Jgnnsdenisnseuanusniiauelansil

Input:

° 1y a = & a s A

o NMUALK V = (11,15, 05, ..., v} 08T V ADYAYDIATRIABUTIM D SLALl DU
(VMs) ke m Ao 91AUATDIABNTIM O Elouimual AT 18Aa 1A LazsiiazlAse 9dl
ninenaduresiies Wy anuEvemiieUssanana (CPU speed: CS) M504
niheAwIman (RAM speed: RS) wazlhuunis (BW)) Ingdl v; #uneds 1Aesa1nuan ith
VM

o MVUAMWA T = {t1,t.t, ..., t,} 08T T AD YAVBIUNNMUA Uag n AiB IUIY

Aaa < Ao a = a s A ° = =
Nuniidassiaualussuuiauiiunisluasesneuiawe siadoudnuiy m lagd t; nuneis
a1PUUN R uaazaundwUsEnaUAIBTIUIUATES (Number of instructions: TS) 811
1 o Ay . o 1 Aa b

NUILAINIMNIBI8 (Memory required: MR) wazdnnumihgUssiianan1sniinisse1ve
(CPU required: CR) tJwsiu Tneguuuunisidwianulussuuidunisvinuwuuldaunse
TRnIEmIaLNINNaAUls (Non-Preemptive Process)

Output:
® N159MANS1 MM U LA AU ITUIIUIU 1 91U hAZLAIIADURALADSLALD U

INU m AT e liaunsaannanulun1sivieny (Makespan) analgang i adu
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PNNSNTINUATDIABUNILN DAL DU (Cost) LasuUsEaNSAMNISUIGITUNSNENT LA

(%
v w1

1nfign (Resource utilization) Snvagavaglviiinsnszanenisliningnsuuvauga
TurmAfefiauedaneifudmiunisianiswu Inelddeululunsdana i
vanginquszasd eiuuszansamlunsiuvessyuu las Reulvfitonldlunsiansan
ALzaNlun159nn 191997 (Evaluation factors) lawn Ailedne (Cost) wasau (Energy
consumption) 1a151luA15Y9U (Task completion time) 1anselun siivingu (Task
waiting time) §as1n15iden1e (Failure rate) wagiatlun1advineu waganuindede
(Reliability) {usu [3] Tnedanesfiufithiaueassfiansandeulapumnzlagldalddne q
Andurnnadildan msldnuninensliivsansnm uasnaisnuluniadyhen Ju
Jadu i ldlunisdglunisdamsenuivuizan n1sdaaisazadidvanaugalu
anmuwIndsun1sssnanatuunguadudesdiniseanuuuilsnduing Uszasd (Fitness
function) wiellddmeuldimnzandian Snidsasiidadoulsdldluntsvianey
Soulvildlunsfissanansoutsoonld 3 aguswasd (Objectives) fail fio

[

Faquszasdil 1: dwusludouluvesnarnalunisdiyinau (Makespan) Gmaneds
nafisruuranaaeEieay narmdlunsd it eduln il suauteudm sy
MsdnnsuuUatedaqUsEaes deastisaniatlunsiduntsuazdsaglaiunsa
yulfiadaduieunafinmun Tunsieureeiesneuinwe iaflouwdazia Fo s i
namifunmitelivinuliiaieduiiueniety. Sunaifisruuiheugaiielaed ez
Mfmuana e Lesesmesiinefialiouluszuu Insnudminaansadunisite
flsnndign (Maximum the execution time) fiangaunnassalianansinluniadwiheudlen
wnanalluge fodnruvduiintnsrneanludaeiosnonfinme faflouldlald lumansariy
T mndwramslunwinuninigadanissgeudmalrinamaluniadnieudiean
thenulusie Samemuinszuuinmnssaneanludmineinslussuuegamads
Tnofiusaza (task) unuge ¢; (¢; € T) gaimualiiasesnouiinmesiaiouwny

A8 v; (v; € V) QIWNUNIEY tj; Fathu suneluesesnenfinno Satiouunuiie v, =

{txistyirrtsi}
AU IA59U (Execution time: ET) GU@QQWUﬁV?WQWUIULﬂ%@Qﬂ@Mﬁ'JL@@%Lﬁﬁ@u

[y

a19ul v; Manaunisn (3.1)

tjiev; Leng th (£))

2
ET(w)= X, ev, ExtTime(t;;) = (3.1)

CPU (vy)

laedl ExtTime(t;;) fio ansalunisvinnuues ¢; ndnsvinnluesesnauiiines

w@ilouil v; ansamwulanaunisi (3.2)
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length(t; )

ExtTi‘me(tji) = Tcru@y

(3.2)

el length(t;) ABVUIAVDINUAWUT j kag CPU(v;) AD §n5IN15UTELIANAVDY
niheUseanananans (CPU rate) Nlglun1suseananavednsnsnauiiinesiaiouanui jo
lupame Makespan o ANLIATIUNIAEWI WAL AN INTIdAUBUATD IARUTIM B Stailo u

Viavun annsadnnadldinaunisi (3.3)
Makespan = Max(ExtTime(v;,)),1<i<m (3.3)

AUAlA MinMakespan As UouUaN (Lower bound) ¥83A11a7lUN1SANTUIIUNA
VAdUTIgnNsEUURBINIRNEYIWIUAlRESIEY MinMakespan aunsadwnalaan

aun1si (3.4)
MinMakespan = Min(ExtTime(v;)),1<i <m (3.4)

Henduinguszasdluwdvasaniaitunisalivinunieuinian (Makespan) (F)

A58 AU NFUNST (3.5)

p = e 59

FaqUszasdd 2: gnrwualutivesdliang (Cost) Ao Atlddwldlunisiosadn
yuresuty Insansnsosnuduuuefideduldnn nauasaildiefiiatuan
n15ldwiaeUssaananats LanasarldT 1A nduainnasldutnenw s 1 auas
Al e AnT uaNN ISl uLULAIs annsafnarildTefiinulaeUssunaile £ 147

Ve v, Meanaunisi (3.6)
Cost(tﬁ) = (c1 * ExtTime(t;))+ (c; * ExtTime(t;;))+ (c3 * ExtTime(t;)) (3.6)

1087 ¢4, €p,c3 AB Al lunslgnIgUSEINaNanatsmenLay (CPU usage cost
per unit) Alga18Tun1slenurgAIIuTIR e nUY (Memory usage cost per unit) Lag
Alrelunislduuunissonuas (Bandwidth usage cost per unit) TuAsesAauRILABS

IS d‘ o w
LENBUN v dany
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HATINVIINUADIANGTY (TCost) AIBlANNNATINYBIURINATIIY 19 Ul U

= a s & & ° v al'
LAIDIADUNILAD ILFUDUNINUR Iﬂﬁa']ll'ﬁﬂﬂ']ujml@ﬂ']ﬂagiﬂ'ﬁw (3.7)

TCost = X7_, XIt, Cost(t;;) (3.7)

AMuald MinTCost e Alddngnlialeefign Weoynsu T 1W1veuluiases

a s A P a ¢ A S o a vavigui da X a
Aoufwmesialeu IngilinTesneuiinefiaiioutuiiiiua ¢ uddlvAlddreAinduilen
Ueeilan w3uNINATIUIT MinTCost(t;) TMUWAIMIT MinTCost WU ¢; Lyintiy

a']ﬁﬂiﬂﬁ'm@mbl:éﬁnﬂaﬂﬂ'ﬁﬁ (3.8)
MinTCost = the r MinCost (tj) = ZtﬁETminlsiSm(Cost(tﬁ)) (3.8)

HentuingUsyasdlundvasduyumzonldatgiiindu (Cost) viavium (F) @115

Analaanaunsy (3.9)

MinTCost
TCost

r (3.9)

o/

190UsEasAn 3: ganmualukivesnisldanunsnens (Utilization of resources)

9
deludamheussnananuanangnuluaanna laglundatlsimiheyssanananataiasg
NUIBAINNDT T IWIATN158 9 1UNTN155 830 DL UL ULAS DIABUN RO LAl oUT v;
gunsaanlranvomilgaNuTveIATaIRNNImesEtoun v; (LM,) laanaunisi
(3.10)
RM]'

LM; = AM;+—— (3.10)

'
a

gl AM; fin Snnunisldviheaudinewsiiiuniseu ¢ 1 it vm
RM; fia numiheaudnfiinisiesvevesnudnuin ji

TM; fip MiheAuIMmuailey (Total memory available) 7 ith VM
PIFNBDIAINOUIAD NUIBUTEIIANANAN TIMINTNITAIIUNTN155999 8609
Tusosnouimesaiioud v, annsarnalanlowngUsEIIaNaNaNa LASDS
13

AoNNImSatoun v;(LC) laanaunisn (3.11)

RCj
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lagil AC; A IunslonineUssanananarsnausiunisam ¢; 1 it VM
A o 1 Aa 1% o v o .th
RC; A9 MUV UTTUIANANANTLN1TT0IURVDNUAWUT
TC; Ao Iyl szalananatsisuniiileg (Total CPU available) #
ithvm
nsUszlliunsldinSesrouiime siaiow (VU,) [73] awsaannalaainadunisi
(3.12)

Fy = VU; = =1 x—2 (3.12)
1-LM; 1-LC;

109 w;, w, ADAMATTINUIN  (Weight) U4MINEUTTUINANANLAZWUIE A T1UTN
ANEIU WRET W + @, = 1 TA UM w;, o, TAWiiu 0.5 viag Wean i
ANAIRUVDIN LI UTZUINDNAWUAS AL ALY

anisvnaul k lead (LH) Wo k Aodnnulsadvianualuszuu aunsaauiule

NEUATSA (3.13)
LHy, = 37 VU (3.13)

Thanndeve9inTeIneunLnes (Physical machines) visnunluaatg (AL) @wnse

Analaanaun1si (3.14) lngdl p Ao INNWVDILTEALULATEYIIAANIA

14
N 2k=0LHk
14

AL (3.14)

ANULANANTBI AR SERIRayladdAuaslanlaaauLAa1If (Average load on
Cloud network) Anuasildan |LH, — AL| landuinguszasdgnimunlundvenislidam
NINYINTAWITAAIWIULANNENNN (3.15)

F=%0_|LH, — AL (3.15)

Handuinguszasd (F) gnaieulagnisidmasiugisdmin iienieinaud

Wnzaungn log F Mauslansfaunisi (3.16)

F=n*FR)+0n*E)+ (s +F) (3.16)



o a Aa ‘:4' G = o a v o ‘:4' aa
mmm’mmm’mqum ﬂ'ﬂflﬁnﬂWisﬁUﬂqi@’]Luuqq‘ULLa3ﬂ']{[flj\‘]’]u‘1/]§WEJqﬂﬁ I@EW] F yny

ey, 1, a2 ys (€ [0,1]) ApAduUssdniauaunaseninediaitunis

= 1

Agsandioldindunadnsnliaumugaunnign
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3.2 Msuszanaldvunauaaniinuiraiien (Artificial Bee Colony Algorithm)

JUABUITNIFINAITNUI UMY AR IPRNRMeSETaY WBlriin15nTyaneay

Tussvvauna lagUszandladunauisonandauiaieunluantuiIsn1snesisann laedun
q Ll U

ganesnunlatin “HABC” annsauanslanagu 3.1

3
U

U

=
7

Neighberhood

N A,
( Start )

\ ;

Initialize a population of n scout bees and
initialize the fitness of VM

UNTIL (Stopping cr\\

iterion ->
4 is not met) )

//

~\ =

Evaluate the fitness of the population

Select m sites for neighborhood search

!

Recruit bees for selected sites
{more bees Tor the best ¢ siles)

v

Select the best fitness bees from each patch

!

Assign task to VM

Calculate load balance

NuuvaNna lngUszgndlituneuitoaniaui ey

End

3.1 H99ULEAINITINAT U BN AT IR B URIMBSidT o ukasSEUUTIn1SNIEaNe
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[y

a1usnesuIeMTINUYeIN1sUsTynalitunsuiseanliauiaisuniuenuisnis

¥
Yo A

9B3aRn (HABQ) wisldlunisimmsesudviluesiosneufinnesiaiion Tassd
1. MAUARIEN5I9IUIY N §2 wazivunAIAIvaNzaY (Fitness) Budulsiund
aziASasnauRwasiaiou
AMUASINURIEN T (Scout Bees) $1unu n A iileldlumiedosnoufiaines
ilouiifmumnzay wasdmuse iy Buduliiuusaseiosneuiinnesiaiiou

ANIMUNEANANNTAAILAINANNTSTT (3.17)

Fitness; = pe_num; X pe_mips; + vm_bw; (3.17)

o))}
®

44' 5 1 a v o v A
bl® Fltnessj ANAINUAUICANULINAUYDY VM §10UN |

pe_num; fo  Snnuluswewsslu VM drsudi

pe_mips; Ao enuslumsvinauvedusiwaes (Million
instructions per second) lua3aspaufinmes
afloud ol j

vm_bw; Ao USinauuuwsisues VM il |

2. deianuuuugudnlugs VM uwazauiaainmansey

[
]

deilau (Employed bee) 313w n /7 nszangduuudu wrldlussuuiiieiden

5 a s & = ° Al o P
LATDIADUNLABILANDUNLUUNTEN LLASATUIUATILANNZEN A9dUNITN (3.18)

i task_length;;

Fitness;; = (3.18)

Evaluate capacity of VM; (capacity;)
e Fitness;; fo Afivuizanveunsesneufiimefallouddus |
Infsdaiadl  (Capacity of vm, with bee
number of i)
Y™, task_length;; Ao TNV BINUTIIUATY9lY VM Eeud j
capacity; fo Anuansalun 1T iIuwes VM dudl j @nunse

funaldannaunisi (3.19)
capacity; = pe_num; X pe_mips; + vm_bw; (3.19)

e pe_num; Ao nuluswaweslu VM anuil j
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Pemips, Ao AnuEilunsiweslusdweslunsesnauiaines
@ouaAui j
vm_bw; Ao USINUUUATSURY VM SUT |

3. 189N VM NEAWMINZANNaNgATIUIU m 1AT89

Halg (Onlooker bee) agidonuna@MISANATIINEAUATAATILIL M 67 T

Y [
=2

d' & a = & A d' a 2 A Ad 2
m WQﬂLﬁ@ﬂﬁ]%LiSﬂ'}WNﬂﬂqu LLazwummmmuM LY YUYUUN €\]&,5‘&]ﬂL‘IJ‘Lﬁ/\lucl/]°|/]€“1ﬂLﬁ@ﬂ

(Neighborhood search)

, X o Y v A dd =
q, ﬁs‘m\‘ﬁﬂu’)uu’mLﬂnﬂu‘lﬂ’loluwu%‘lllgmaaﬂ

AruaReIuNIddUIluiuNgnden daiednnunndt e Mden uau

£% '
]

= a U o U dl g dl
NINEN nep AT LaZATULIUATMLNUIZEN AFUNIIN (3.20)

YL task_length; + InputFile_length

Evaluate capacity of VM (capacity;)

o InputFile_length fg YUIAVBIIUNABINITANEINU VM

5. 1@an VM nangn

Hon VM AfiANm ML gaNsngs 1 VM wazaasu L o titeidvineuly VM 9

gniaen

6. MuuAY 1 nu ivadvieulu VM figniden

d991u 1 s ivevineuly VM figniden

7. Ausanitagnisnszaenunielungu (Load balance)
ndniinisian 1 seulid wiesulunespesfiame fiaflou axliniseuia
aswuiaseluigtueafesreufiumefadieuionn lnesmanadiuds Loy
11775574 (Standard deviation: S.0) 1t 8nn15za1uitanualuies ssrouiiamesiadou

annsaAwnlarsaunsh (3.21) 84 (3.23)

S.D.= \/izyzo(xj —X)2 (3.21)

nasnlunseuLesuaay VM :
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¥k | task_length;

X; = : (3.22)
capacity;
ANRAYYDIIA1TINTUNITYINTUVDS VM V9RUATUSE UL :
_oInhx;
n
We S.D. Ae  Aduleauungg
n R UIUITUINUA IUTEUY
X; R natsulun1TuYeaAaE VM anuisaduiadlaain
aunnsn (3.22)
£ Ao ANRAYVDIA1TIUIUNTVNUTBY VM Tianuslussuy

ansaAnaulinaunim (3.23)
01 S.D.v84A15EIWeY VM denlesnimitewiniuaiadsudelaii ssuvegly
anmyana wazlunnndudu a1 SD. diwuinniAiadeuaiaziedn ssuvegluannizves

N1 liEug

3.3 115U58ENALY TN UM HAN AN SAUAUNIT S BUTUUULETULS

3.3.1 TUMUIINTBBUUULAT (Q-learning algorithm)
JuneudinisBeuiiuuESundwgnldusuasy ldin Monte Carlo Q-leaming
SARSA uar DQN 1Jusiu Fedanesriunignidluimideiifie Junewidnsseuiuuuda (Q-
learning) slesannifun1sdisiafiefungnnineyateniidents Weliowudusuddn
fuan mwinaouls
o aa = B a = aa = B a o w
Tunoulsninseusuuuas (10 Junidduisninseuguuuiaiunds
(Reinforcement leamning: RL algorithm) 9350 15t38 Uil uuiasunidane Wuasnasndalu
~ Y = =3 DXy ° o a a
nsiBeuivewnses Jeeugniviminsein1indulavesssuy (Agent) awnsatseuily
ANNLINADULALN5NTEYIN (Action) Inensilasuaniuy (State) iasunasedia (Reward)
A o v av v = v . a
P39 TUUNAILNEANUTD LAUD LULT LA SUIINNITAN I ANINLINE 83 (Environment) 1naf
UTLAIANANVRIITNTTUUTUUULESUANGS FiD N5 UIV0IMINTLYIAAAINNITABIAA
2990 NTENINAINTEYIAVANINWIAS Y LA AN TEYNaza1uIsasuanIun1Talves
ANINLINADN HIUFDUSLALLADNNINTZYINTdINAaRDEN NN taeniiIazlasuseTan
A al & v o Y a A aa X o a &
Afdn iuaSsuiiuteianainlue Anfiindun seutun1sdndulaveuninen (Markov

decision process: MDP) 1ulsuiisadmiunisindula (Decision making) ¥03anse v
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Wosnanmwinaaudaiuldeuuey linaansilatuunensslukdusy (Stochastic)
NA 1A NITNFINTLYEBNYININISNTEVAY d1uSuan1unsal (State) vy 819zkule

v ¢ a & ax a o a Yo ‘:4'
NaaWﬁLLUUWIMLaiJ@hJ ﬂig‘U'JUﬂ'W?UUGIEJU'JﬁﬂqﬁLifJUELLUUﬂQLLﬁ@NvL@I@QEUVI 3.2

Initialize Q- Table

v

Choose an Action —

v

Perform an Action

v

Measure Reward

v

Update Q-Table

UM 3.2 N32UUNTTUABUITNSRE WS UUAR

AUUA MALTRVDIEATUE S = {51,52, 53, ..., Sp} WANTMUIAS DUATUAA AN UL
WAYDINITNTENT A = {ay, ay,a3, .., Ay} AINTEUADNANITATENN ape A 01 I8 ¢ TUADTUE
sp€ S wioassaludsaniudal s, e S HunszuIunsUasuiIumas 5Ueta 1, 910
anmuanden lunsihnuswdwisssesdennisn sevilumsaniiunsimunzan e
UFuUgeen Q-value vosusiavanugliinniian dededuinguszasdndnuasdumulouied
angaNTiaelun1TUsEIINARUUNGILIE A1ea Q-value function ﬁ?uﬁfuagjﬁ’umﬁlﬁaﬂsuaa
n1snsEIlugnIuz A mualvsanssnaludniug s, Layldann13053911 a, A1 Q-value
function tumadiagéelugan e fianigauaziinaiunanouunuiinian it
(Maximize the total expected reward) Tugninuwinaou A1 Q-value aansaAnalalag

T4 aunsi 3.24

Q(spap) = (1 —a)Q(sp,ap) +alry +ymaxgy1 Q(Ser1,ar41)] (3.24)

lneil «a Mg 8m31N19583 (Learning rate)
¥(0 <y < 1) A Uadsdruan (Discount factor) LagNANIZNUADED UL
1nen19N T2 UNTAN

re Ao UNadlnensoTeIaniasuNAITAMTIUNNS UGN UL S,
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A1 Q-value laann1sade Q-table FafvanuzAdululsiavunias Q-value
waENIsNIEYITVL AN 1neNTunaisnaseushuUAINe e NasNanuEImINzauian
nUsraunsalLaziin1sindune wisuuvagluu (Greedy algorithm) 1 1 Tud unou

FBnsiEuiuuuin amsnAaa Qvalue l9anaunisi (3.25)
Qe+1(spar) = Q(sy, ap) + a[rt + ymaxa’t[Qt(6(st'at)' de)] — Qe(se, at)] (3.25)

Tnedl o fe é’mwmﬂ%auﬁ%ﬂﬁm’gmﬁmﬂ a =1/ 1+5mnundatanun il
A0UL S¢)
§ e fedduntsiuasuaniue (Transition function)
max,Q(s;,,a) Ao UssanainisAilueuandivingay 9 action Aivduly
Ilunisussananauvun uiseiiAsd fulnanua1ud (Load balancing) A e n15dmass

ningnshuaTasAsNmIme Sialioy Yuneisn1sseusuUUAIE IS aTULARS Algorithm 1

Algorithm 1: Q-update(S)

1. Set values for learning rate a, discount factory, reward r

2. Initialize Q-values

3, Fori=1ton # n is the number of states

4. Forj=1top # p is the number of actions in each state

5. Q(si,aj) = Q)

6. End for

7.  End for

8. Selectan action a; from A ={a;,a,,as,...,a,,} and execute it and go to

next state sy,
9. Calculate the learning rate
10. Calculate the reward
11. Update Q4 by (3.25)

12.  Repeat this step for new state until it converges
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3.3.2 msUszenaldrunauaiuniiauiaiiey
ilgj a dy a [ ) gj ada a a a
n1sUssgndldtunouentiauiewion [6, 8] dadudunatisnisunigisann
UszinnANaaInLuUngy essuunguusenaumedinseinnisiedulavedssuy (Agent)
n1sdeanssEnindinssiiniwindulavesseuy waranmuingey laglunguruseiuasd
WmaneAmisiouiu d9lu n1svinuestunsue e wiiey Heasiidmaneieadu fe
A v ' Aaa ! = ° al'
WEAUNINITVILNERMNTNANER LA8UNaI®MIS (Food source) wanadie YAUBIAINB U
) YR I LY [ v X
Jululavianun wasudazdinssyignunumiens
Tudupeusanilauilafisy dnsyvinisiadulagnuualssanamumimnyesmn
A9 Faamsawuseantilu 3 nau laun Fea1u Employed bees) fail1g (Onlooker bees)
waz 381929 (Scout bees) ﬁau&iazaq’uﬂwqﬁﬂﬁmmu Explorative ag Exploitative 91
waNE19Y A Explorative Aim WeANTINTAEITBAUNITAUNILAGIDIMNTIUNUTAN 1 5A WA
(Search space) L#i 8 aNLA BINITAUNIN WHa 91911 151UN 898 U (Local) Tun1emsenudny
Exploitative ABNgANTIUNIIRANMINAY Sl TUNAYIT0INUNISAUNIUAGIDMITAAN I
a PN Yo i o au & vy aa = o a A o
Usnanlnanuwnasevstagiu Inelunuddell Ialdtuneuisnisse uieuuaiie uiud s
Tupoulun1snIAImeues Ul A NI ZELNINTL. 91NNTSANYINUINTUA DU 18U
fAukaLiien (ABC algorithm) HA1@ 1190 lung AnssunIsMILna1e 11Uy Explorative
Lo DUt URA TUNEANTIULU U Exploitative A9t U346 U171 98U SUUTIngAin ssuLuY
Exploitative Tughuvasiialg tungunisineuaiuisaesuiglansil
TUT Un DULTN VDIV UADUD MU TALN ILTIBH LN UG W LN UDIL RAID1AITA 8
Amouidululdve sl Buduinasemasavgnailiunuudy Asansluaunisi (3.26)
LAZUAIINTUR$IUILYIINNTEITI M UEs011T (VM) TUN1599 U MunaEuaues Q-

table fAWIAU 0

xgj 2 xj’.”i” + rand(0,1) * X" x]'-"i”) (3.26)

Tae? XM fp YouUaeed jI wndlweinsdinussdnsam

(Optimization parameter)

xjrex AD VOUUUVDI j 7 Windlmosn1siiuUszansnn

Tudusaua U lALRLR s LWUIN1TY g eI anasiueanidu 3 du ton

[
1 =€ o

AIUVBIHNU AR wazdIuTDIRE1 710 Tnuaeyineugms 3 TunauaunIasAsuouly
NAMUANTEIIIUTOUGIATAMUA

ATUVDINIU VINSAUNIA AUV DL TE 9019 S (w)) YDILNAIDINITIUY

U (x9 Ineldaunsn (3.27)
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vii=xi;+rand[-1,1]* (xf; —x} ) (3.27)
Tneh vl fe j wmliweinsiinusyansamues v
k AD ARNUVDILNAIDINT

dundsemslval of amnumnganddndundsemisagiu xf Tngd
Fit(v}) > Fit(xh) R msRnuazan s urdsnl Fdlutumeuileziinng
USuUgeAlu Q-table (Reward-penalty scheme) Tngldaunnsii (3.25) mnuvasemnsing
T umIzauiinng Asulsdite swdasunuilunase mnsiiussunase mnslusl urde
MUY Qvalue Tasnsliseiaduumasemislvaiiden wagvinnisadnuiuumas
2 M3LAL

Tunandunu BinurateMIsHNTAIAINLNZANAN T RaI M TIAN  LAas
omslnivggnading uaglietatuuvasemaiu Q-table afin1sUfutsermnadeia
IUENNSOAUN LB ST I zaY Katu 87 EB Aesnwmesiany stnuseulunis
USuugeAlu Q-Table Wiy EB ads

Tudnmesiiaigiasinadenunasemsesisu lasviniadenand Q-
value Tum31s Q-table Tuniemsaiutnuy B'i]l,rfjﬂ@%ﬁﬂﬂWiﬁuwﬁLdemWﬁLmﬁﬂMﬂ Tnyly
aunI1sii (3.28) wagyinnITwNuURiLRaMIsAN B Lasestng Minurasenisluiiia

AINIaNNINAT BnviedainnisuIul§a Qvalue

T it t t t b,
Vi =X+ Dii 1 (Xix — Xpspi) (3.28)

A a

nedl v A9 WHWSNSIUUTZANS A MDD IRUE DM D)

b
@ e[-1,1] AD AATEHIN -1 D91
U Gk} meﬁma%mitﬂuﬁ'ﬁzﬁwﬁmwmaqLmdammﬁﬁﬁﬁqm%q
\AnINA5E
duesisd1na vnasusnuseulumsRuumase s alinuLna 0 1591
Finin uvasomsiazgniie uasksdn ety sduiodun s msuvaslvl

TUNBUNTYINNUVBITUAB LTS MOABCQ gnihiaualy Algorithm2 fiail
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Algorithm 2. MOABCQ algorithm

Initialization:

1. Initialize the population and calculate individual fitness values

2. Set up the parameter: best solution, maximum number of iterations, the

population size

3. Find the best solution

4. while stopping criteria satisfied

Employed Bees Phase:

5 For each position do

6. Update position of employed bee by (3.27)

7. Estimate the new position

8 If fitness value of new position is better

9 Replace the current position with the new position

10 End if

11. Calculate probability and update the Q-table for select position in the
onlooker bee phase

12. End for

Onlooker Bees Phase:

13. For each onlooker do

14. Select a position based on Q-value and probability

15. Update position of onlooker bee by (3.28)

16. Estimate the new position

17. If fitness value of new position is better

18. Replace the current position with the new position

19. End if

20. update the Q-table using (3.25)

21. End for

22. Find the best solution (Q-table)

Scout Bees Phase:

23. For each position do

24. Abandon the solution that have not been updated and generate new
solutions randomly

25. update the Q-table using (3.25)

26. End for

27. End while
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N1INAADILLASHEANTINANABDN

PNUNT 3 Ianamaanisussendldlayanussivgd miudamin1sianisned i
naeIngUsvasA (Multi-objective optimization problem) lun1sussananawuungualy
nsiifirsesmauimefaiioutlanmuindeuneluwandeiy Tnelddunousandauile
Wouuarisnaduiiuuaiuus lnsldduneuisnsdousiuudi (Q-leaming) Fsdaneiiiy
Aaueil 139031 “MOABCQ” S AW N 5 s a s U518 991Ul munvauiy
amwuma”amaw%’wmmﬁﬁang LﬁamgﬂLmeﬁé’]’mmmmuﬁmmzauﬁqm Tnsunilesune
iAo starseavdoalun1TaasiteUseillulsyans aamwesiansi v taue
(MOABCQ) TunsnnasnfaiilgvinnnsiUss uite ufuianissanseeuuussafn i ui

I WU TUNBUNISIIANS19ULAETY Max-Min [53] TURDUITAI5INANTNULUULNDULS

cane

nou (First Come First Serve algorithm: FCFS algorithm) FUNOUNITTAN 1T TR UU I
%uwiwqjﬁqmﬁﬁﬁau (Largest Job First algorithm: LJF algorithm) wardalundniiu &levin
nsSsuisunstamseclagldisnsmaungasaaniduiiaey i funeuiinism
ﬁwma‘ummzauﬁqmwunaﬁ'uaynm (Particle Swarm Optimization: PSO algorithm) funou
FmAmIzanfigatuunn Mt (Cuckoo Search: €S algorithm) Tumerifenndau
un (Ant Colony Optimization: ACO aleorithm) wa s uneussaramndaui wiioy (ABC

algorithm)

4.1 Yoyanltlunrmagaudseansnw

o =

Toyaiiltlunimaaeuyszansamuesisnisithuaue IHyadeyaduandlunme 4.1
Tun1seaeuUszansnm laedinsuwuagadeyasenidu 12 gadeya anwnsauvseantidu 4
Ussiandsll Ussandl 1 9 D, — D, Ao yadoyanuvdudassilifidetmuaessuuuui
wiuey Uszanil 2 4m D, - D, Aoyateyanuuguiiiinisnsznevosteyauuuuanuasun
(Normal distribution) Uszuanil 3 4 D; — D, Al yateyauuuduiisinisnszaedoyauuual
971 (Right-skewed distribution) uagUszianil 4 4 D, - D,, Aeyndoyanuududiinig
nszanedoyanuuiigne (Left-skewed distribution) ¥atayauiazUssnnildivuinvedny
AuAnaeiu LLasquﬁagaLwiazsqmﬁmﬁm‘im’mmuaamﬂwqm 9 @z 100, 200, 300, ..., WAy

1500 9 TUAUAIAU
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M13197 4.1 Yadeyanliluntmaaeulsedniam

Ussinnvasyndaya yndaya WIAVBINY (MP)
qudase D, [5000, 20000]
D, [15000, 35000]
D, [25000, 45000]
miﬂizmm’fau“aLLUULLaﬂLmUﬂa D, [5000, 20000]
Ds [15000, 35000]
Dg [25000, 45000]
N1NTENLTRLARUULUUIT D, [5000, 20000]
Ds [15000, 35000]
Dy [25000, 45000]
N3N 3L TOLALUULUTIE Ex [5000, 20000]
Diy [15000, 35000]
Di [25000, 45000]

wuEWn: *MI s Million instruction

4.2 nMsinseudaya

TutunsnvasnimaaeulsyansnmagrinnisiaBesdona diedt 4.2 Tnsudsns
Jaastayaidu 3 Uuuu As
1. In5eedoyanINAWUNITNIRIVO U (FCFS)
2. falduatayanmuvinuesi Ineosteyaanidniaalunvinlgiian (SIF)

3. ISutayanuUwIAve LY e sdayanluafian lmvwaidniian (LIF)

a o | o ]
M19191N 4.2 G’]’J@Eﬂ\ﬂ“ﬂqi‘r\]ﬂﬁﬂ\im@%a

FCFS SJF UJF

5163 5163 11965
7832 5322 11290
11290 7256 10897
10897 7832 9159
7256 9159 7832
11965 10897 7256




4.3 A3 IFIUIUIY

5 a 5 = va
\ASBIABNR AN T lUN1TAda Y HAMENUR

Notebook: Dell G7 7590

Mg UsEutananand (CPU) : Intel® Core (™ i7-8750H Processor 2.20 GHz.

NUIYAIWMaN (RAM) : 16.0 GB GDDR15

NUIYAIUTIE599 (Hard Disk) : 1TB

5euuU§]URN15 (OS) : Windows 10 Pro
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[

=1
PNU

Lswnsuntdlunisiaesseuunisussananaluungaiug: CloudSim-3.0.3

4.4 NAaN1ISNAADANDNINIT TR TN FUVDITURBUD N L ANN BN

& a s 14
4.4.1 NMIAAINITIAMDIaNNNFOUTUNTISNAADY

ANSHIATNITINLADIUURDINBUTEIUUSTEEN S NINU D95 UUNITUTELIAN AU

| a A a Iy )~ v A I ) o q'
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Type Parameter Value
Number of Datacenter 10
Number of Host 5
Type of Manager Space_Shared, Time_Shared
Datacenter Number of PE per Host a4
MIPS of PE 2000
Host Memory (RAM) (MB) 10240
Datacenter Cost 10
Total number of VM 60
MIPS of PE 1000 - 5000
Virtual Machines | Number of PE per VM 2
(VMs) VM Memory (RAM) (MB) 512 - 4096
Bandwidth (Bit) 1000 - 10000
Type of Manager Time_Shared
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M13197 4.3 AMNTINDTVBIUUTINBINITUSEUIANALUUNGUUY NIALATDIADLTINES

LD ULAN WL INADULANANGIU (A1D)

Type Parameter Value
Total number of Task 100 - 1500
Length of Task (MI) 5000 - 20000
Task
Number of PE per requirement 1
Type of Manager Space Shared

naBA: PE = Processing element, MIPS = Million instructions per second,

MB = Megabyte, MI = Million instruction

4.4.2 P1SAAINISITADS IUTUNBUITa U AN LAE Y
Tun1snease Ltk UInNIsAIuaA1 w1 eseantdy 6 Asdl sall 60 (LU
UATIIRRNNIADIATIDY), 120, 240, 480 , 960 Way 1920 welunilhandliiuiey 3

NIUNUTNYDINAENTNTALIU 3188 2D8AYDINITIIAIMITTLAD FdmTUT UM WIS AL

N8 (ABC) WaMIAIPIANTINN 4.4

AN5197 4.4 ANNSITLMD5UDIUVUNDUI T OIUNRALR A L

Symbol Parameter Case |l | Casell | Case lll
n Number of scout bees 60 240 960
m Number of sites selected out of n visited sites 6 24 96
e Number of best sites out of m selected sites 1 1 1
nep Number of bees recruited for best e sites 48 192 768
Number of bees recruited for other (m-e)
nsp 12 a8 192
selected sites

4.4.3 wan1snasauUszansan des uruiduszuuinnswisuuas
nsUsudiwsvansamlunsianmeailuaSesreufinmesiaiion Tneldiuney
35 orandaui il suaau ANUNISIRAITUIULUUEITafin (HABC_FCFS, HABC_SJF uag
HABC_LJF) 9gin1ssU38 utiisuniun 159na 19U usuudi safniilesag ey (FCFS, SIF
waz LIF) Ingvinismeassiugadeya 2 sUkuy e gndayanisdudasviuuliiteniviun
(i ffaguuuunsnsznevesdoya) wazyateyan1sduifizuuuun1n ST NBLUULINLTS

Und lun1maaedldynadoyalanifenisnd 4.5 WernsiSeumeuauasnNsnveenns
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Ussinnvasyndaya yndoya WIAVBINY (MI)
qudase D, [5000, 20000]
N15NS2NYVBLARUULINUINNA Dy [5000, 20000]

a3l 1: Wisuifsunanuadslunisialaegldpdeyat ssanuuududass

Tuniswdsufisunainueaslunshnuiuswunuiiinisddsuwdadlussuy
Fuyndoyaguuvudase dsldyateya D, ey seiliuuszansamuesisnsiiaue Jsuus
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Tunnsyieulae3su Ui usiuauenud dn1s U8 sunva swass 1w sussuuiinig
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Processing Time (s)
Task | Algorithm Case | Case Il Case lll
min max avg min max avg min max avg
100 [HABC_FCFs| 1451 20.49 17.94 13.74 18.98 16.27 13.01 16.39 15.38
HABC_LJF 14.85 17.00 15.85 14.74 15.89 15.72 14.31 15.89 15.31
HABC_SIF 19.75 20.59 20.41 16.13 20.59 20.13 14.85 20.59 20.20
200 |[HABC FCFs| 24.42 32.93 27.79 23.06 3215 25.34 22.85 27.70 25.87
HABC_LJF 21.30 22.00 21.68 21.39 21.63 21.52 21.44 21.60 21.52
HABC_SIF 25.70 28.32 26.71 26.50 26.89 26.74 25.90 26.89 26.63
300 |HABC FCFs| 32.65 44.29 37.90 31.85 40.90 34.95 32.33 36.76 35.73
HABC_LIJF 32.69 33.18 32.89 32.75 32.95 32.83 32.65 32.91 32.81
HABC_SIF 39.20 41.10 40.33 39.79 40.94 40.57 39.72 40.78 40.26
400 |HABC FCFS 46.03 54.33 49.52 43.38 53.42 47.09 46.25 48.09 47.25
HABC_LJF 40.44 40.77 40.60 40.30 40.55 40.44 40.37 40.58 40.47
HABC SJF 42.15 43.16 42.69 42.44 42.90 42.72 42.38 42.90 42.72
500 |HABC FCFS| 53.46 60.60 56.07 50.16 57.76 53.90 52.24 56.48 54.83
HABC_LJF 49.06 49.76 49.36 48.94 49.24 49.08 48.96 49.13 49.07
HABC_SIF 56.10 57.13 56.70 55.72 56.82 56.48 55.68 56.83 56.50
600 |[HABC FCFS| 62.50 71.66 67.45 50.75 68.76 64.33 61.14 66.77 65.57
HABC_LJF 61.40 61.65 61.55 61.25 61.42 61.36 61.23 61.45 61.36
HABC_SIF 63.01 64.01 63.68 63.52 63.89 63.71 63.43 63.95 63.68
700 |HABC FCFs| 70.37 83.00 75.50 69.48 79.25 73.35 69.41 74.30 72.72
HABC_LJF 70.52 70.95 70.68 70.40 70.61 70.50 70.41 70.61 70.50
HABC_SJF 77.14 77.95 77.68 D 77.93 77.56 77.20 77.71 77.54
800 |HABC_FCFS 82.56 88.95 86.15 79.08 88.21 82.82 78.77 80.32 79.76
HABC_LJF 76.09 81.12 77.45 76.02 76.30 76.20 76.05 76.35 76.18
HABC SJF 77.73 78.76 78.34 78.12 78.43 78.30 78.05 78.44 78.31
900 [HABC Fcrs| 9121 100.74 95.18 91.25 96.33 94.81 89.85 100.07 94.99
HABC_LJF 87.79 88.16 87.99 87.68 87.96 87.86 87.68 87.94 87.87
HABC_SIF 92.88 93.46 93.19 93.02 93.38 93.20 92.93 93.39 93.16
1000 |HABC FCFS| 100.34 | 109.93 | 10548 98.88 106.66 | 103.61 98.46 10354 | 101.99
HABC_LJF 98.31 98.60 98.47 98.27 98.50 98.35 98.24 98.38 98.32
HABC_SIF 99.33 100.14 99.82 99.65 100.20 99.98 99.61 100.19 99.99
1100 |HABC FCFS| 111.06 | 11990 | 11466 | 11073 | 12116 | 11397 [ 11051 | 11354 | 113.16
HABC LJF | 10997 [ 11026 | 11042 || 109.90 | 11015 | 11001 [ 10077 | 11016 [ 110.02
HABC SIF 114 81 11574 11551 115 38 115 84 115 64 11519 11591 11562
1200 |HABC FCFS| 12110 | 13113 | 12582 | 11067 | 12816 | 12421 [ 12201 | 12469 | 12369
HABC_LJF 117.07 121.94 121.06 117.05 121.80 118.50 117.02 117.24 117.16
HABC _SJF 117.48 129.82 119.85 117.94 118.36 118.10 117.78 118.29 118.10
m HABC FCFS 129.66 137.41 133.39 129.81 137.32 133.23 128.80 136.18 134.?
HABC LJF | 12576 | 12618 | 12595 [ 12570 | 12598 | 12587 || 12573 | 125098 | 125.88
HABC_SIF 12082 | 13042 | 13012 | 12995 | 13036 | 13015 || 129092 | 13033 | 130.19
1400 |HABC FCES 139.42 152.43 144.64 139.26 145.42 141.97 139.75 143.17 142.12
HABC LJF | 13849 | 13873 | 13858 | 13821 | 13862 | 13850 | 13819 | 13858 | 138.48
HABC SIF | 14415 | 146.06 | 14539 || 13835 | 14533 | 14149 | 13820 | 14530 | 140.83
1500 [HABC FCFs| 14920 | 15822 [ 15412 || 14825 | 15843 | 15108 | 14917 [ 15338 | 15213
HABC LJF | 14868 | 14893 | 14879 | 14758 | 14886 | 148.68 | 14865 | 14887 | 148.74
HABC_SIF 15215 | 15297 | 15271 | 15239 | 15345 | 15279 || 15242 | 153.04 | 152.79
NFUN 4.1-43 waza1snd 4.6 uansaninusiueislagyiniswseuiey
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aa (min) Banldlunisiausnuungs (max) waznaildlunsieunueds (avg) T4
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n3ain 2: Wiguisunasuedslunsihnulagldgadeyauseaniuududaseind
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nssguiisuauedslunvieuiu fvununinswisuladlussuy
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fugateyaguLuudasy lagldyntaya D, WitoUsziliuUssaniamuesdsnisiiaue (HABO)
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M13199 4.7 nanlunsvinusidlagldyatayauseaniuunsn sEnetalak U ukINLasUni

Processing Time (s)

Task | Algorithm Case | Case Il Case Il
min max avg min max avg min max avg
100 |HABC FCFS 16.51 20.43 18.24 13.74 19.65 16.49 13.93 15.89 15.21
HABC_LJF 14.97 16.69 15.82 15.44 15.89 15.62 14.68 15.66 15.50
HABC_SJF 18.92 20.54 19.74 16.11 20.49 19.66 16.10 20.49 19.02
200 |HABC FCFS 24.02 30.55 28.16 24.90 31.68 28.00 22.87 27.53 26.49
HABC_LJF 22.20 22.89 22.55 22.21 22.44 22.34 22.22 22.41 22.34
HABC_SJF 26.76 298 27.63 26.95 27.84 27.68 27.41 27.84 27.73
300 [HABC_FCFS 32.58 44.01 38.29 31.06 42.82 36.66 32.80 38.81 37.23
HABC_LJF 33.20 33.62 33.40 33.20 33.43 33.34 33.25 33.46 33.35
HABC_SJF 39.27 41.06 40.45 39.93 40.85 40.65 40.09 40.83 40.57
400 |HABC_FCFS 43.96 oy 34 47.13 42.56 51.90 45.58 42.31 45.49 44.78
HABC_LJF 40.51 41.21 40.77 40.51 40.68 40.58 40.50 40.64 40.57
HABC_SJF 41.90 43.25 42.88 42.38 42.99 42.81 42.57 43.01 42.84
500 |HABC_FCFS 52.66 59.81 56.96 50.99 58.90 506 &2 19 54.13 52.93
HABC_LJF 50.32 50.67 50.49 50.28 50.48 50.41 50.20 50.52 50.38
HABC SJF 56.75 5741 e 56.78 6490 $1.1# 56.60 57.30 57.13
600 [HABC_FCFS 60.07 68.58 64.29 59.43 65.75 62.10 57.61 67.18 64.65
HABC LJF 59.04 59.42 59.20 59.05 59.19 2¥.13 58.93 59.22 59.08
HABC_SIF 61.55 62.15 61.81 61.70 62.10 61.90 61.69 62.10 61.87
700 [HABC_FCFS 71.02 80.93 75.70 68.52 77.42 73.49 yovi] 76.13 75.00
HABC_LJF 68.90 69.28 69.08 68.87 69.00 68.94 68.88 69.03 68.95
HABC_SJF 75.13 76.26 75.84 75.02 76.12 75.76 75.19 76.14 75.76
800 |HABC FCFS 81.39 89.54 85.64 82.16 89.04 84.97 82.08 87.41 85.23
HABC_LJF 76.12 80.69 76.94 JoM 2 76.42 76.24 76.04 76.36 76.26
HABC_SJF 77.82 78.88 78.46 78.01 78.50 78.27 77.96 78.54 78.28
900 [HABC_FCFS JERO 100.69 96.72 93.86 99.71 95.99 92.45 101.71 97.68
HABC_LJF 89.80 90.32 90.10 89.84 90.14 89.99 89.85 90.05 89.97
HABC_SJF 94.48 95.54 95.10 94.89 95.47 95.33 94.89 95.44 95.25
1000 [HABC_FCFS 97.99 109.36 104.12 97.94 107.19 102.07 98.09 104.03 102.22
HABC_LJF 97.85 98.15 97.99 97.74 97.99 97.87 97.80 97.94 97.86
HABC_SJF 98.95 99.75 99.36 99.10 99.79 99.56 99.18 99.77 99.56
1100 |[HABC_FCFS 109.30 116.83 113.02 108.12 117.74 113.36 109.81 114.99 113.58
HABC_LJF 108.66 109.00 108.86 108.59 108.87 108.72 108.65 108.87 108.77
| HARC SIE 113,59 11459 114.13 113.29 114.53 11434 114.01 114.52 114.28
1200 |HABC_FCFS 121.24 128.15 124.03 118.80 128.18 123.14 125.27 129.50 127.73
HABC_LJF 115.09 119.90 119.44 114.79 119.57 116.26 114.83 115.04 114.93
HABC_SJF 115.52 126.92 117.57 115.29 116.04 115.85 115.51 116.09 115.83
1300 |HABC FCFS 128.64 137.11 133.07 128.51 134.98 132.14 128.02 133.16 132.27
HABC_LJF 125.81 126.13 125.97 125.77 125.96 125.86 125.79 125.97 125.87
HABC_SJF 129.99 131.03 130.52 130.31 130.78 130.58 130.07 130.76 130.57
1400 [HABC_FCFS 138.21 149.02 142.97 136.44 144.74 140.61 136.50 140.55 138.73
HABC_LJF 136.75 137.06 136.93 136.73 137.00 136.87 136.80 136.99 136.89
HABC_SJF 137.31 144.59 143.49 136.97 137.72 137.47 136.81 137.78 137.43
1500 |HABC_FCFS 149.75 157.66 152.49 150.41 156.97 152.81 150.25 150.25 151.93
HABC_LJF 147.45 147.86 147.63 147.45 147.66 147.55 147.46 147.46 147.56
HABC _SJIF 151.38 151.96 151.70 151.53 152.04 151.80 151.54 151.54 151.77
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NJUN 4.4 - 4.6 uazasndl 4.7 wansliviudsnaildlunisussianaanug
lunsaliesesreuiiwmeiiaiie ullanmuinaeunuandwiu lunsdlvesyatayaguninas

[y

359180 MUUUUNITHINLIUNR NaNNIVAaeandiLiNI1 HABC LIF inadwsid
a @ ¥ o A a N e a & & A 3
Aaatun1sinasenud ey Weuinaailussuuivunasiuindy uenanilide i
nssgumieulunivesiamutesanlun1se LBasnuINAaatun1s iy kagaan
whgAldlunisviudanudn HABC LIF dslimsiissdniamlunisvinauinan waziile
fsantunsalvain 1A sliwe Smusaungaves HABC Askanslunsnen 4.4
WU Case Il iemsdmesAmungauiian

Tunnanaunu n1saaAmIsIimasiy Case | hay Case Il @HARABDNITNAABDIUU LU

4 )

aAMmMuATINILIL 1200 91 WU HABC_SIF thiliiarmulunisussinanandeufian
FIVABTINUNAFNSADUN TN AL I ANAANSALANAI99A Case Il Falvinanaateaaanunig
NAABINTWN 1 kALLL VINITNABBIAYNISLALTIUIUR I nUI LT AL LA 1998198

HodrAglunanldlunisussienadslinanlnaiAssiunisnmuanisdweslaeld Case i

4.5 nanavassuieyssfiulssAvsnmeussnissamansnulasldtureuaian
faniafisunudfiunsdanssnuuuudaiain

nsUsududsransamlunsinnnsendlueiosreufinnediadon ngldtunoueian
frflaftsurugiunsindifunuuuudiain (HABQ Tngvhnisiu3oudisuiuisnisdn
anenulagld3snnam Ba3ann (Meta-heuristic algorithm) Tnglgvinnisidenasnisilasu
GRRHDEHTIY mﬁmﬂ'wmfmmmzamﬁqmé’aﬁ%‘mmﬁﬂum (ACO algorithm) wazdunau
FnnsmAmeumazaLTigaLUUNgN AR (PSO algorithm)

4.5.1 nMsesrnrsdinasaninuandalunisvaass

4.5.1.1 nsalanmuandeunieluialasnounoinesiaiioumilouy
s s msdme Suuuda e e UseiduusyAns e ssruuns

Ussananauuunguas nidliasesponfinmesiadeulianmuindeuntelumieutuianua

LANIAIRINITINN 4.8

M13197 4.8 AMNTINDTVDIUUTINBINITUSEUIANALUUNGUNY NIALATDIADLTINES

LA UNANNLINA DU UAY

Type Parameter Value
Number of Datacenter 10
Datacenter
Number of Host 5
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Type Parameter Value
Type of Manager Space_Shared, Time_Shared
Number of PE per Host q
Datacenter MIPS of PE 2000
Host Memory (RAM) (MB) 10240
Datacenter Cost 10
Total number of VM 50
MIPS of PE 9726
Virtual Machine | Number of PE per VM 1
(VMs) VM Memory (RAM) (MB) 1024
Bandwidth (Bit) 5000
Type of Manager Time_Shared
Total number of Task 100 = 1500
= Length of Task (MI) 5000 - 45000
Number of PE per requirement by
Type of Manager Space_Shared

4.5.1.2 NSARENINHINABUN1E TULATDIADUNILADS LENDULANATINY

N156 AN TN LM T VLT A s a UseLdud sEAnSa nveaseuung
Uszananakuunauue nsdliesespeuiime sialaulanmuwindoun e luwan sy uanele

f9mN5197 4.9

M137197 4.9 ANNNTTLADIVDILVUINRDINITUTHUIRHALUUNGUR NTELATRIARUTINDS

LD UIAN L INADULANFNAU

Type Parameter Value
Number of Datacenter 10
Number of Host 5
Datacenter Type of Manager Space Shared, Time_Shared

Number of PE per Host 4
2000

MIPS of PE
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Type Parameter Value
Number of Datacenter 10
Number of Host 5
Type of Manager Space_Shared, Time_Shared
Datacenter Number of PE per Host aq
MIPS of PE 2000
Host Memory (RAM) (MB) 10240
Datacenter Cost 10
Total number of VM 50
MIPS of PE 5000 - 9726
Virtual Machine | Number of PE per VM 2
(VMs) VM Memory (RAM) (MB) 512 - 4096
Bandwidth (Bit) 1000 - 10000
Type of Manager Time_ Shared
Total number of Task 100 - 1500
Length of Task (M) 5000 - 45000
Task

Number of PE per requirement

1

Type of Manager

Space Shared

4.5.2 ﬂ']i(??ﬂﬁ’ﬁ/‘l’]‘é’lﬁmaﬂu HABC, ACO, PSO uaz IPSO
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PIFADIANUUNAINNLAEITDY  TuASUSEEUUSEENSAMMUeaISn 1SN UE@Ue e 1IN S

WiueuRUIENs HABC [74], ACO [56,75], PSO [76] wae IPSO [77] veihduiinsu fuf

NN D Sa1LTNAaDE 191N FRU SEANTA NN ISV IUVDI9aN B3R Y NIUNITAINUN

wfwesazuananulumurnanazdnvazeslam lunimeasslanmuanisdines

X A a{' ° v o a= A o v ay v v v a
VBDININ L‘VT@J']%ﬁiJqu@aTVﬁU DANDINUNUIILAUBD @\1‘1/]1@Lﬁu@maﬂqﬁ/]ﬂaaﬂiqusﬂaﬂ 44

PN DN ITIUNIAIAAAILARIRITIN 4.10



68

A15197 4.10 ANBINIITMB SN LT AT NN UNEUBWAZAND AU UNUWUSe Ui g U

HABC ACO PSO IPSO
Parameter Values Parameter Values Parameter Values Parameter Values
Number of scout bees (n) 960 Ants 50 Number of particles 100 Population size 100
Number of sites selected Maximum probability . . . -

out of n visited sites (m) 96 of trial 0.98 Weight (\T) 0.9 Weight (\?m]n,umx) 0.1,09
Number of bgst sites out of 1 Local se:ltr‘ch 001 Acceleration factor 1.49445 Acceleration factor 149445

m selected sites (e) probability (Cp) (Cyp)
Number of bees recruited Acceleration fact Acceleration fact

for searching best e sites 768  Evaporation rate 0.01 (Ccc;em ton factor 1.49445 (‘é:)em Hen factor—y 49445

(nep)
Number of bees recruited M ber of M ber of

for searching other (m-e) 192 X M Ber o 1000 TR BEr O 1000 Maximum iterations 1000

- iterations iterations

selected sites (nsp)

Max number of iterations 1000 K 5

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; TIPSO, improved PSO.

4.5.3 wan1snaasaiiaUszifiuuseansamlunisvinnu

ynmmaaedluwide 4.4 liuandiiuicussiniamuedane3iui vriaue
AIUA AUNSI AN T190ulagldI8n 15119873 aRNn 335 Ao HABC_LJF, HABC_FCFS uag
HABC_SJF gnihuniUSguiiisuiunisinasisleglddisafniieses1aian fe LIF, FCFS waz
SIF mavnnsmaaesneuntnui1 HABC LIF Wsvansamlunisinmansanuiiininisnis
Juihimadisudiou Bnvisdsannsnssassuuuaunaludaadosronfiunefialiousas
Tnalunstssnaravesnutiosiian lunsmasesadsilliinimeassiuanmiandoy
neluresiniesnauiinmed 2 uuufde wuuflanmiandeunsluneuadasmeuiawme fateu

WA D UA WY LA (Homogeneous) Wagwa e 19 U I UA (Heterogeneous) L aUse1iiu

a

UsgAnnmues HABC LUF lngTdyadauafifisuunutunnsedu Snisdswinauiouiouty
Sane3funsinmTeeuiznisduy

Tunsmmaestmualiidunuelssneuiame iaslouiidnaiiviaty 50 Ledos waz
nageUAMAmTalun YU UsuA U Iuswiin sAsmlas Taedvuals
$rununuiivtuadias 100 U G0 100 - 1500 311

n15U szt iUl 2@ S AIN9IN153AA1919971Ulee 197 5 HABC LUF lussuunis
Uszananauvunauamsiliivsnimaasiievssdul seavsamnisviaueenidu 3 daudedl
fio @il 1 nanisviusieds (Makespan) d2uil 2 Aaalianunavednisn sz a1
U9ya (Degree of Imbalance: DI) wazdd 3 mLﬁmeummg’m (Standard Deviation:

S.D.) fswazduasenebull

4.5.3.1 wan1snagaulseansnmludiuvaianininnunuaie
nsUszliulszanSnmues HABC LJF algorithm Tuszuunisuszuiana
wuunguwe lauusnmeassesnilu 4 daumudssinnvesyadeyanildlunimegey A3

v

wansluniaen 4.1 Nan1MAABIVEY 4 Ussinnauyadoyaansananiseavidunlanall
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aa v A | a
N3N 1: yadoyanininseaeuuududass (Random)
n1sUszidulszansamlunisiaudisuiisunud1uiuaIun iinis
f-:l' A o e a s A a1 ‘:4' v v PN

WaguwUas Wednnuaseneuitine sialoulidnn Tunismasesldyntayaiuanslu
mseit 4.1 egldyadeya D, - D, Aeyateyauuududasenliiten v unve ssUuuUa
wiueu FausaryatoyaiuinisimunYaunnresnuiLanaNiy Wievinsseuliie
ANEnTnlun1sdnatsTseueslasld HABC LJF wWisulieuiuisnisdnaisseulagly
ACO, PSO uwag IPSO Tunsdifianmuindsunisluaiodaioumilo uiuuasuanad iy wa

ANSNAADILAAILAAINITIN 4.11 WAZAITNA 4.12

M13197 4.11 ANITVNUTINVBYATDYAT D, — D5 oI uiie usEnINa HABC, ACO,

PSO wag IPSO (Homogenous)

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

Dy 300 Min 8.623 9.600 9.023 9.982 25082 25.030 15707 20,578 27.448 27.979
Max 8.643 10.592 9.343 1.m7 20017 26.320 26.408 32381 31162 34340

Avg 8.633 10.227 9225 10.324 26988 25.563 15.876 30,626 28.766 30.273

900  Min 25.015 26.352 25.739 26.702 83.733 81.206 83.467 107.237 103885 105384

Max 25.262 27.369 26.042 27.561 84777 96.767 86.560 113.512 105464 107781

Avg 25.073 26.819 26881 26.976 84.165 89,705 84255 109.620 105725 106302

1500 Min 42,275 43.641 42,892 44.050 151.965 153.637 153,482 215.075 211427 303934

Max 42.614 45,020 43.523 45.058 164.660 156.171 157.010 229.624 315327 319373

Avg 42.409 44233 43228 44.641 158.947 154.736 154,529 222.093 262953 310891

Dy 300 Min 16.308 18.685 18.035 19.148 36.465 32567 33462 37476 35.041 37.075
Max 16.341 19.719 18.288 20.252 30,547 34,134 35.205 39,296 42372 w112

Avg 16.319 19.258 18.161 19.646 38194 32,993 33.906 38.645 38.841 37.428

900 - Min 48.340 50.969 50.150 51.526 108.373 105.943 106.805 129.830 125848  127.957

Max 48.907 52.823 51.427 53.980 109.052 108.074 108.557 137.917 132341 130.492

Avg 48.475 51.795 50.353 52154 108.704 106.622 107.725 13319 130587 129206

1500 Min 80.237 82888 £1.959 §3.018 192,893 189.624 194,519 250.603 245037 248038

Max 81.623 84.051 83.743 86.442 193.491 192,754 198.249 263.320 266496 254803

Avg 80.516 §4.122 82818 §5.263 193.206 191.226 196.048 255.369 251500  251.033

Ds 300 Min 22.229 25.645 24983 26.244 40.877 38.553 39.606 45.246 45.293 46.121
Max 22.262 27.500 25278 26.867 41182 41.208 41.803 L6463 B0.604 50.163

Avg 22244 26.378 25126 26.529 41.230 39.237 40.155 40.921 47.083 47.706

900  Min 67.077 70.642 70.006 71.203 127109 125271 125.686 158.775 158,025 160241

Max 67.245 73.066 72.770 74.383 128.451 128.572 128.420 176.779 174420 169610

Avg 67.188 71.676 70.506 72.115 127.780 126.110 126,468 169.075 165177 164.849

1500 Min 111.770 116.333 114.901 116.010 2123859 222317 223264 290.299 200595 290.642

Max 112.050 119.118 118.887 119.478 127468 235.851 225.024 304952 280595 300.847

Avg 111.870 117.533 116918 118.256 225457 223576 224219 296.000 203505 204.004

NnHanMaaedluinTIed 4.11 LanaavinieusINads (Avg makespan)
nawheusIufitosfign (Min makespan) LaglawinusIufiniign (Max makespan)
TngSeufisunisianisensaanmmindeunislursoaiouniioutu Tneld HABC_LJF,
ACO, PSO, wa IPSO nan adeuUseansnmuansliiiuin HABC LIF fiuszansnwluy
nsdneNsiffiae dlevimmuelussuuiviinaniumniy

uonanil Wosedluymvasnisimungisravesuiiuansaiy Taev
nMmeasuiuyateyaiitisuInvessuiiuandndiy Ao yateya D, - Dy HA2IANIS
naapLandlidiuil HABC LIF fussansamlunisdnnseauiimilonindane3iud ui
thuiUdsuiey uitmnaresuiinmddsuutas lunmeaeusvanmuindouniely

= = S A o
LAIDILANDUNLNRUDUNU
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M13199 4.12 LaN1VUTINYesYaveyail D, - D, WealSeuiieusening HABC, ACO,

PSO wag IPSO (Heterogenous)

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJE ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCES IPSO_LJE IPSO_SJF

D, 300 Min 7.320 7982 7.500 8.202 24.207 23707 25.749 27498 26,623 27.055
Max 7.368 9.803 8.181 9.925 27.171 24.370 26.155 30966 29.537 27.616

Avg 7.345 8.817 7.765 9.086 25.610 23.9% 26,007 28.792 27.144 27.322

900 Min 20.601 21133 20,605 21.707 80.445 70467 81.114 101.135 98.005 99.6590

Max 20.865 23311 21.808 22,592 82.856 81.043 88.297 106.207 111.467 101.623

Avg 20.715 22256 20941 22146 81.698 79.943 82.409 102.858 100.261 100.695

1500 Min 34.213 34.976 34218 35.310 148.688 148.288 148.757 216.645 213.903 219.464

Max 34.717 37461 35.203 35.970 152961 150.648 151.124 247.682 256,862  247.018

Avg 34.450 36.114 34.700 35.630 150.867 149.111 149.999 227.404 232807 231975

D, 300 Min 14,595 15.385 14,935 15033 32330 30.390 33.420 32324 32507 34.153
Max 14.687 18.406 15.641 17.333 36.045 30.760 33.823 34035 34,675 35.080

Avg 14.615 16.978 15.316 16.839 33353 30.545 33666 33442 33155 34533

900 Min 40.299 40.305 40.486 41.219 98.444 96.444 QB8RO 118.667 118.246 119.673

Max 40.706 44,432 41.102 43.978 101.081 97.356 100.745 131.408 123.997 124.640

Avg 40.439 42,816 40,821 42,402 99.779 96.823 99,582 124,194 119.795 121.197

1500 Min 65.784 66.160 66.063 66.240 175483 175.397 160.006 226331 230,574 233232

Max 67.162 69.771 67.677 68.459 181.691 178.763 204,867 261.110 261.855 237.858

Avg 66.243 67.947 66.418 67.835 177.850 177.211 180.840 239.835 237419 234780

D 300 Min 20.374 21.310 20.541 22037 36164 35.042 38.526 38.310 36,574 40.152
Max 20.595 25453 21479 23.777 41.005 35376 39.248 42268 39.352 40.698

Avg 20.412 23130 21.084 22,705 38.605 35183 38.678 30.821 38,0689 40.422

900 Min 56.053 56.317 56.796 57418 114.889 108.005 109.332 128.071 125.720 129.099

Aax 56.986 61682 57.280 59.408 118975 109.462 112828 135.651 129380 131.149

Avg 56.632 L8188 57.014 58.687 116954 108.515 110.325 130.650 127.624 130,120

1500 Min 92.419 93.852 03.374 93.751 195333 196.762 191.022 264.640 244018 245887

Max 92.945 96.593 03.358 94.051 222115 219.735 105,878 316.860 278.675 251534

Avg 92.624 95.327 93.005 94,492 205862 207.061 192,619 285370 256,390 248354

NANITNARBINTEHENINLINA LN TULATD WAL ULANANA Y WARILA A

M99 4.12 HAINNINAADINUL1 HABC LIF HuUszanSamnisyinanunangs Tuwdvuesiaan

q

MNOUTINREAY aVUINNReTgn kaznayusINnInian uenaniliileldyn

o -

a1 d’ U U 1 v = a a A 1 L a =
VBUANUYINYUINVBINIUNLANANAU WUITHABC LIF g9ANUTEAV TN NN UBNIDAND T

Y
' '
A a

duthuwlSeunieu wungInunsmaasulunsinan muinasun1eluLaSe sva o un

Witlounu

nsaifl 2: yateyaiiinsnszaeLuun1sLanLasUnA

sYszidudszansamlunisyeul suifisudu 1uauaui dans
Wasuulas Wednnueissnoufime siaie ulid e - lummeassliyadeyafinansly
mswil 4.1 Tngldyadoya D, - D, Aegatoyanvuduiiininszedeyauuuianiasnd
& awsagyatoyaiud n13fnuny wawIATe LT uAna 19 L L B YIS Uy
ANENTaTuN15Inn 15 199ulae 1S HABC LIF Wisuimisudunisinmssaulae 1475
ACO, PSO, wag IPSO lunseal v annwindonnieluiad o sailsumi oudunaz uansnaiy
fiavn nansmaaosansldfanIsad 4.13 uasneedi 4.14

MnnansMaaedlunINei 4.13 uansRaYNUTIIeaAY NAYUTINT
thofign uaganihawsuiinnian lnowsuifisunsiannensdanmuandouniely
\sosasouwmiiouty Tneldns HABC_LJF, ACO, PSO, thag IPSO nan1sagoulszadnsnin

wanaliiiiugn HABC LUF fiuszaninmlunisdnnnsnauiaian dedunaulussuudl
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USaiuun U wiidnvwnvessuiinisildsulias nsdnasseulaegly HABC LIF 639

anu13nvinauleeg1eliuseans AWy

M13197 4.13 LIANVINUTINVBYATBYAT D, — D, el uiiieusening HABC, ACO,

PSO wag IPSO (Homogenous)

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

Dy 300 Min 8.575 0.883 a.11 10.170 25.540 24.501 25472 29,904 28.758 28.635
Max 8.634 11.052 9.501 10.740 26.333 24940 26.308 32.600 31167 20.165

Avg 8.584 10.331 9.308 10.434 25798 24.643 25813 30.624 20.208 28.851

900 Min 25.582 27.020 26.319 27,10 82.715 81.997 84421 110,198 107.394 107813

Max 25.867 27.866 26.746 28.302 92.448 84.768 87.776 119.204 110.113 110.444

Avg 25.669 27.400 26,511 27.644 84.544 83,432 85.733 113127 108.915 109.174

1500 Min 41.993 43.462 42,731 43.983 149.972 152.230 151.124 221121 215575 215.054

Max 42.246 44.370 44,234 44.703 157.576 154.169 161.643 233171 220.500 221.989

Avg 42.140 43.799 43.177 44.364 152.614 153.111 153.875 225417 217.941 219.824

Dg 300 Min 16.182 18.335 17.793 18.982 34.274 32.607 33.625 37.653 38.349 37446
Max 16.215 20.528 19.076 20.624 35227 34.275 34922 42,583 40.628 37.890

Avg 16.194 19.098 18.004 19.420 34,484 32.803 33.052 40.022 38.038 37747

900 Min 48.367 51.071 50.232 51.457 108.799 106.392 107.270 135.063 129.111 130951

Max 48.499 £2.978 51.790 54.115 118.703 108.260 108.692 138506 134.602 134658

Avg 48.404 52.034 50.572 52.473 110.707 107.140 107.825 136,418 132,357 132.098

1500 Min 80.594 Bl.666 82,612 83.878 193.607 192,516 192,841 258,106 252.917 254743

Max 50808 85.558 §4.510 #6.401 256.281 194,782 194.970 285.920 270.308 258.800

Avg 80.701 84.506 83.578 85431 207.942 193.393 193.883 263.625 258.098 256.448

Dy 300 Min 22.266 25403 24843 26.012 40.675 38.361 38.239 45,958 45.530 44.446
Max 22.322 27.499 25.273 27.442 40.989 43.362 46.370 47.159 49.020 45.375

Avg 22.275 26.316 25,004 26.585 40.832 39.170 41.054 46.464 46.335 44,608

000  Min 66.586 70.473 69.570 70.620 125.921 123.478 123,851 151.630 150.560 149820

Max 66.733 72472 TITT 73.627 126.799 126.650 127.080 157.917 157.273 151973

Avg 66.675 71.373 70,054 71.545 126.492 124704 125.075 154.434 152.390 151.006

1500 Min 111.167 115.941 114366 115366 223.019  221.505  222.173 287264 281.794 285184

Max 111.508 117.362 117450 118750  226.545 259.360 224.472 297.683 292236 293.692

Avg 111.291 116.548 116070 117.391 224414 238211 223379 291.549 288.023 287.741

M13799 4.14 1ANIIVINUTILYBYATBNAN Dy ~ Dy WeTeuiieusening HABC, ACO,
PSO wag IPSO (Heterogenous)

Dataset Task Variable HABC LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

Dy 300 - Min 7.347 8.266 7.460 8.378 25.131 23.905 24.550 281075 28.058 28.192
Max 7.536 0.874 7903 9.678 27.318 25.652 25811 33.277 29.661 30436

Avg 7.429 9.157 71 9.006 25850 24791 24.849 30.191 28.811 28.953

900 Min 20.822 21.427 20.973 22206 70.248 81.98%8 77.327 08.817 96.358 08.507

Max 21869 23,342 21.397 23313 81.374 85,940 78.608 103.967 98.902 101.255

Avg 21.215 22.360 21.226 22.597 80.299 84128 77870 100.968 97.827 09.515

1500 Min 33.862 34144 33.987 34943 141.381 140.255 140.504 199534 195573 197.259

Max 34.482 36.491 35.618 35.978 162.631 153.213 144.570 211162 201.047 202.650

Avg 34.210 35.305 34,399 35.434 151.768 144,389 142.179 203.859 198,525 199.162

Dg 300 Min 14.211 14.876 14.837 16.105 25131 23.905 24.550 33.591 32.701 34.567
Max 14.306 18.346 15.362 17.862 27.318 25.652 25811 37.458 33.676 35.061

Avg 14.261 16.768 15.100 16.640 25.850 24791 24.849 35.377 33.052 34751

900 Min 40.087 41.393 40.543 41.148 79.248 £1.988 77.327 116.100 114.003 117.011

Max 40.735 47.170 41.000 41831 81.374 85.040 78.608 122.000 116.834 118.787

Avg 40.256 43.287 40.754 42.407 80.209 84128 77870 118567 115.730 117.796

1500 Min 66.087 £6.979 66.228 GE.660 141.381 140.255 140.594 231.830 228575 230.755

Max 66.948 70.342 67.070 72701 162.631 153.213 144.570 242,655 233.695 235654

Avg 66,407 £8.998 66.679 68511 151.768 144,380 142.179 236.277 231.274 233031

Dy 300 Min 20.300 21.324 20,600 21816 35.802 34,222 38.002 38.696 37.067 40.703
Max 20.606 25.610 21.514 23.305 39.573 34,525 38.280 43,352 38.837 41.195

Avg 20,412 23.303 21.077 22.851 37.991 34.350 38112 40,338 38.347 40.964

900 Min 55.891 55.881 56.112 57.728 107.681 104.625 108.412 129.248 127.836 130.677

Max 56.877 60.508 56.811 58.122 109.710 106.115 110.034 135.833 131.669 132.884

Avg 56.185 GE.464 56.507 58.322 108.418 105.422 108.966 131.469 129.420 131.899

1500  Min 92.022 93.339 92.170 93,697 188.914 188,526 190.508 251.495 240411 250938

Max 93.022 98.200 93.025 94,655 194,341 191.091 192.220 264.148 253.773 256,640

Avg 92.032 95.466 92.498 94.106 191.243 189.838 191.406 255,573 251.396 253.024

a = o = 1% a
NANITNABDINTULUIHULNEUNITINNTT NN SUAN UL INFBUAN ']EJGLTJ LA I8

wilowwaneneiu Wevitnismaaeulasliyateyauuuduninisnseetoyal UULINLAINUNA

=

LARIHAN1IMAABIAANIA1I19T 4.14 nansnaaestandliiui Weogatayanidvisvuinves
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1% -

TaYANLANANAY N153an15199ulaelY HABC LIF dspeiisednsnimnisyig M7 fing
FnsduithulIsuisuguiieifunsdindesreufiame fiaflo uflanmuindeuniely
wilousu sniunsdlyadeyadi D, waz D, iesannsdvinimaaeufugeadeya D, 1ile
NAgeUA UYL 900 91U WU ACO_LIF Tananiemsisnniigaiiidtes iigaule
Wisuiieuiu HABC_LUF, PSO uay IPSO luwasidsaiu Wevinnimeaeuiuyateya D,
$11u 900 91U WU ACO_LIF Tdmawhnunuditesdian wag ACO SIF lfaiaan
yhusmnnigaiiiadosfanilewIouiiisufusanesfiuduiithunuiouidiou urogsls
aamudn Adildiiliuanseannisldiinsdaasidaeld HABC LIF mnth wanidle
firsanannaniussluyansaiudnuin HABC LIF Ssnafiszansamiidnitdane s

A Ao ~ =
DUNUWNUTBUNE U

o v Ao % Y
36N 3: YAToyaNin1INIEILUBLARUULUUI
A15U5ELA WU SEANT AN TUN 159U US 8 UL BUAU IIUINITUT H NS
a A o al a s Amhey a ~ v v A

Waguwas Wednnuwaseneuiinne sialeulidinm Tuntsnasesldyntayanuanslu
M58 4.1 Toeldyateyn D; — Dy ABYATEYALUUANNENIINTEINTOLAL YUY Tau6
AzYAUBUATILINITAIMUAY WNUUIAYDIWARANF WY LiNeYIINISIUT LB UAI AN T LY
n139ne15199ulag 1938 HABC LUF wWisuwieuniuisnisdnaiansanulasly ACO, PSO was
IPSO Tunsaindn1muwinaaun e Ao dalounilo Wi ULaghANANANRINLA NANISNAABY

WAAILARIANTIN 4.15 LATAITIN 4.16

M13199 4.15 LIAINITVNNUTINVBIYATRYAT D, - Dy tWarIeuiieusenina HABC, ACO,

PSO wag IPSO (Homogenous)

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJIF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

D, 300 Min 8.173 9.523 8768 9.600 15.399 24.606 25.048 28.675 28.359 28,078
Max 8.248 10.350 9.068 10.213 25.589 24846 26,086 25.708 30.863 28.928

Avg 8.211 9.951 8950 9.904 25.524 24.69 25,554 25.090 29.149 28.515

900 Min 23.742 25072 24.179 25155 83.196 81.680 81.820 106.287 104.397 105.338

Max 24,130 26.153 24727 26494 83.696 82.620 83.303 110.536 106.107 109.230

Avpg 23.874 25,520 24.384 25,640 83.526 82,159 82.205 107.879 105.350 106.786

1500 Min 39.575 41.215 40.088 41.291 151.844 149.901 150912 227.688 211238 214.100

Max 39.866 42111 40.807 41272 152875 152.081 152.960 239.956 128.046 230.281

Avg 39.679 41.569 40.433 41.866 152226 151.149 152024 232.735 216,979 224078

Dy 300 Min 14.604 16.839 16.258 17.553 32.594 32379 23.083 37.881 37521 36.366
Max 14.622 19.080 16.541 18576 33.470 34339 23.167 30.898 38.762 3706

Avg 14.613 17.792 16.406 17.829 32.839 33012 23.097 38.637 37.980 36.641

900  Min 44,195 46,969 45.842 47,344 107.407 106.832 67.939 132.910 131.491 130.931

Max 44,310 43,608 47.310 49.409 121.232 107.571 68.224 139.303 135710 132.904

Avg 44.234 47.815 46.140 43.094 115.012 107.174 68.018 135.926 133.278 131.848

1500 Min 73.733 77.107 75.205 76916 193523 189.848 113.247 248.315 245.764 248.212

Max 75.611 78.529 77.193 78.873 201.949 192.243 113.367 260.620 252.230 253.200

Avg 74.095 71772 76.394 78122 197.262 191.025 113.305 253.714 249.900 250.838

Dy 300 Min 20.098 23,697 22.668 23842 38213 36.604 37.460 43.877 43.646 42,509
Max 20.174 24954 23.046 24824 38.548 36.794 37.628 45.133 47313 43.088

Avg 20.126 24213 22818 24297 38421 36713 37.548 44.439 44296 42.790

900  Min 60.023 63.854 62.451 64.003 120953 118471 £9.919 145.600 146.591 141.441

Max 60.302 66.557 64.231 67.714 121.867 119.243 97.388 149.600 170.342 161.315

Avg 60.181 64,803 6£2.795 64.750 121.292 118856 92.800 146.600 152.863 150.354

1500  Min 99.961 104.231 102.648 104,687 214420  213.021 177.504 278953 268.821 267.217

Max 100.364 106.827 105.310 107.602 217676 244700 203813 309.324 323782 283.917

Avg 100.160 105578 104.546 106389 215562 224760  190.212 201.425 286.531 274.623
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M137197 4.16 LIAINITVRUTINVBIYATBYAT D, - Dy a8 UWIEUTENI HABC, ACO,

PSO wag IPSO (Heterogenous)

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJE ACO_SJF PSO_FCES PSO_LJF PSO_SJF IPSO_ECES IPSO_LJE IPSO_SJF
D, 300 Min 7.157 7.739 7.289 £.396 24196 22050 24.566 26.869 26.160 26.898

Max 7.173 8.962 7.622 9.255 27.089 22625 24.966 35.178 26.584 27.933

Avg 7.160 8.500 7444 8.802 25.044 22,279 24.726 29.741 26.446 27.167

900  Min 19.203 20.137 19.238 20,553 78.132 72733 76.368 98.286 97.163 98.379
Max 19.441 21.740 19.828 21.508 107.029 73.530 77.370 104.773 99.165 100.482

Avg 19.333 20.989 19.542 20,926 86.726 73.098 76.781 100.391 98.151 99.511

1500  Min 31.908 32734 31.960 33.023 134.903 137.902 138.639 202,683 199.200 200.864
Max 32.326 34780 32.494 35537 150.393 140.233 141.081 214879 204.439 206.623

Avg 32.045 33.630 32.307 33614 139.391 139.147 139.769 206.454 201.669 203.649

Dg 300 Min 12.967 14.688 13.103 15.059 20.644 27963 31.360 32367 31.856 33968
Max 13.041 16.495 14136 16.500 32.058 28,574 31.682 34567 32874 37191

Avg 12.904 15.451 13.617 15680 30.879 28262 31464 33.658 32236 34868

900 Min 36.784 37.921 37.188 38.609 90.470 B8.877 95,021 113,357 111.705 113.662
Max 37.245 41.936 37716 40.397 93.650 91.074 113.524 117.442 113.933 116.047

Avg 36.984 39.784 37.400 39.208 91.836 £9.756 102.922 115.047 112.727 114.897

1500  Min 60.618 61.338 60.874 62.194 163.189 162.642 165.601 225678 223.370 225.126
Max 60,920 66.208 61.390 63.100 167.998 165.742 177.877 235.020 228.155 230.726

Avg 60.728 63.599 61.113 62.608 166.105 163.988 171.501 229573 225.448 227433

Dy 300 Min 18.040 20.069 18.699 20,497 35.804 32,684 36.773 38.833 36.874 39.586
Max 18.094 21.962 19.877 21.893 37.445 33.098 37.211 40.411 37.782 40,017

Avg 18.051 20.827 19.253 21114 36.423 32013 36.958 39,600 37.208 39.750

900  Min S0.580 50.020 50.979 52478 103.374 00,202 103.903 126.204 124,505 127.557
Max 50.879 54,592 51.880 53.356 104.394 100280 104.900 131.245 127.389 130.504

Avg 50.670 £2.765 51.231 52.850 103.951 104.736 104.504 128.347 125549 128516

1500  Min 82.976 83.644 83.184 84,285 182.045 180.425 182.410 243.361 241.335 243867
Max 84.526 90,443 83.923 B5.677 187.234 184.087 184573 255820 246.441 249.162

Avg 83.412 85.631 83.573 84.847 183.959 181.961 183.547 247.869 243910 245.499

NAITNA 4,15 wan13197 4.16 wandbimiuinannisidgadoyain D; -
D, MdNWNsEAIE oYk Uy lunsiinanmwndeungluesedaiioumiouiunay
LANANAUAIWAINY HaINNIMAaBIRERSIRLALN HABC LUF Susyansamlunisyieud
& | ax A Ao ~ = A Y ad
Won1138N1sounthunUIouLisu luReadunsaoue
nItinanmuwInaunelATeIRNNINBSIELaULANANAY N13IAA1T19
nulaeleis HABC LUF §amsiiusz@nSnmn1smaenuimiieniin15dnn1s1991ulae g5
ACO, PSO wag IPSO gniiuusilevinismeaslagldyadoyain D, 91131379 900 Uag 1500

a

U FadlofuFunasuluszuu 900 U ACO FCFS Tratlunisviunuitosiidan waz

q

ilediUSunany 1500 vmluseuy wudACO_LIF Tiaanieusiusnniianiilatteos ign
A = = v ad A o = = o W1 < A A & ~ A
dewSguiiguiuiBnsaunindsuiiey udegnslsini illefiansananiis 2 nsdia
AT Ud U AT ba U uluLana199909508 HABC_LIF G 91107 91501 1A 8TI0LA 9N
HABC_LJF faflusydnsamnisvinmnangadieiussuiiguiu ACO, PSO Uag IPSO
aa 1% o v vy
n3aiN 4: yadeyaninisnsznedeyauuuidde
n1sUsziduyszansamlunisiauSsuisunuIiuiuauaing
Waguuuas Wednnuaisneuitine Sialoulidnsi Tunsmasesldyatayanuansly
A v v = ¥ | Ao v vy = i
m15197 4.1 lagldyadaya Dy, - Dy, AeYAveyauuuduiinisnsznedayauuuiidiy Jaud
AgYATBUATIUINITNMUAY VLAY BINUARANF WA LieYIINSIUSE ULTIBUA AN T LY

1139AM1519971U20 3 HABC_LJF algorithm 13 s uifiauru ACO, PSO ag IPSO lunsiif
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anmnaaunielunTowaiouni Ui Ul Az ANAIAUNINUA NANISNAABILAAILAGINITN

7 4.17 uagmsei 4.18

M13199 4.17 LIAINTVINUTINYBYATBYAT Dy, — Dy, ilBIUSHULTIBUTENINe HABC, ACO,

PSO way IPSO (Homogenous)

Dataset Task Variable HABC LIF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF

IPSO_FCFS IPSO_LJF IPSO_SJE

Dyg 300 Min 9.840 11.152 10.554 11.320 31.987 27.146 28775
Max 9.943 12.283 10.891 12.288 36.282 28.566 29.783
Avg 9.857 11.583 10.739 11.773 34.396 28.004 29.273
900 Min 29.170 30.798 29.866 30.870 96.423 #0.398 91.702
Max 29.300 31.637 30.393 31.946 101.850 07.457 107.651
Avg 29.284 31.287 30171 31.318 98.688 93.432 99,153
1500 Min 48.753 50.840 49,349 51.067 168.387 170.806 171.145
Max 49.059 51.677 50.318 51.767 175.637 180.935 180.160
Avg 48.904 51.238 49.811 51375 172856 175.650 175.458
Dy 300 Min 17.111 19.555 18.880 20.020 37.320 34.579 3457
Max 17.142 20.752 19.158 21.054 38.739 40.478 35841
Avg 17.124 20.208 19.026 20.398 38.082 36,998 35.571
900 Min 51.537 54776 53.445 54.654 115854 104.765 111.203
Max £1.832 56250 54.977 57.353 117.708 110.733 112.638
Avg 51.637 55.537 53.830 55.320 116.586 110.284 111.802
1500  Min 85.919 89.375 88.298 89.697 215.555 196.344 199.781
Max 86.397 90.958 89.611 91.721 238502 201.305 200.584
Avg 86.059 90.182 £9.136 90.462 224720 199123 200.360
Dy 300  Min 22.244 25.945 24,950 26.195 40,482 40.616 39.496
Max 22.371 27.360 25.323 27.377 40.875 43.034 40.046
Avg 22.274 26432 25.186 26.673 40.662 42,176 38677
900 Min 67.354 70.989 70.207 71.414 129654 127.078 126.089
Max 67.617 73371 72.680 75.204 130.476 135.066 128.023
Avg 67.514 72.282 70.634 72.271 130.069 131.126 126.724
1500 Min 112.013 117.006 115.147 116.653  239.050 222857  223.367
Max 112.415 118.822 117.796 119924 256957 227268 226719
Avg 112.265 117.840 117.247 ~ 118586 246514 224318 225411

20,970

331678
46,954
56.344
49.659
149.600
178.262
159.679

287.868

208.553

102,054

20.706
31.869
30.264
108.828
112.227
110.056
216.480
245113
225088
37.057
41.899
39.499
129.210
146.301
134417
261.945
278.191
265.098
45572
50.751

47.707
149.927
182.307
158.755
285.495
2090.658
288.208

300153
32.929
31182
109.847
125.505
114,208
217.155
256.378
214,397
37.894
38.477
38.056
131.846
153.488
138,309
261.034
284.655
269.802
44.392
50,231
46.474
153.897
171.051
159.720
286.239
291.120
288.380

M13197 4.18 LIAINTVIUTINYDYATBUAT Dy - Dy, WlBLUTHULTIEUTENINE HABC, ACO,

PSO wkag IPSO (Heterogenous)

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJE IPSO_FCFS IPSO_LJF IPSO_SJF
Do 300 Min 8.570 9211 8.007 9416 25328 23357 25216 34267 33.909 34.000
Max 8.504 10.540 9,871 10.670 | 26559 24303 25566 37.286 35.337 38.069

Avg 8.579 9.945 9332 10127 | 25791 23569  25.368 35.458 34.199 36.175

900 . Min 23.705 24778 24090 25086 79953 | 77752 79527 134436 122920  106.875

Max 23.857 26.676 24448 26233 B0804 -~ 79.033 80539~ 149660 136827  132.263

Avg 23.765 25.765 24271 25683 80418 78358 80007 137860 132622 121142

1500 Min 39.475 40010 30631 40767 © 145304 143807 145584 208322 204563  207.098

Max 40.476 42.386 40197 43376 148738 146613 . 150235  217.063 200574  212.015

Avg 39.875 41,147 30977 41198 - 146693 ~ 145407 ~ 147045  211.902 207255  209.350

Dp 300 Min 15.339 16.487 15730 . . 16377 31885 ~ 29.381 32504 37.556 36.849 37.450
Max 15.431 18.755 16.581 18339 34454 29943 33134 47.160 38.005 40.015

Avg 15.369 17.386 16103 17536 32801~ 20.597  32.665 39.769 37.31% 38.043

900 Min 42742 43518 43238 44708 96971 ©4199  97.1690 130707 130652 131525

Max 43.858 47.344 43846 46198  ORE03 95061 97939 137456 135611 135364

Avg 42.869 45,503 43540 45321 97502 94616 97492 133879 131903  133.123

1500 Min 70.269 71.839 70.801 72098 172093  170.612 171553  240.058 295388  304.815

Max 70.547 75.895 72.058 73386 175863 172934 173107 319.583 314065  314.763

Avg 70.383 73419 71294 72809 173570 171435 172327 303582 306437 308351

Dya 300 Min 20.479 22,064 20784 22039 37282 3274 38110 39.859 36.214 40.114
Max 20.554 24.029 21434 23801 39306 34794 38501 42,938 39.384 46.617

Avg 20.504 22.897 21048 22927 37732 3544 38310 10846 37.953 42.435

900 Min 56.622 56,887 56785 57.182 108605 105402 109153 120440 126990  130.697

Max 56.770 63.778 57721 60232 110586 106888 110214 135108 129848 132790

Avg 56.673 59,780 57.240 58976 109669 106044 109677 131548 128587  131.451

1500 Min 92,805 94120 93.016 94593 190609  189.282 190582  250.071 246614 340863

Max 93.225 98.253 93849 95619 194868 192231 192333 263459 350374  356.086

Avg 92,951 96197 93379 95041 192957  190.811 191589 256314 297956  347.719

NaNIMAaRdlunITNN 4.17 wansliiuiin1sanaseuvinaulee 19

78 HABC_LJF fiusz@nsn1mn1svineiunaniinisdnnisnssulasldds ACO, PSO wag IPSO
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4.5.3.3 nansnageuuszansawludiuvesandssuuinasgu

nMageuUszANEAmYes HABC TundyuvesAdeauunnigiu (SD)
Werdummeaaeuinfinenszaealuduniesnenfiumesiaioustisauna luntmaasdld
Gonldyadeya D, mnmsedl 4.1 Tunsmaaeuanuamisalun s uSsuLiisuiu
$unuwitiniadisulas Tasdmuslisnaunuiinduadiag 100 s Buan 100 -
1500 91u lun1svedeulsrAnsa miussnsnuenNMARMINAN MUIAGLT LA T 04
poufiumefiafiou wafildnnnimeageuiuinrnnmaaosdinn 20 afdmiundas
313 dawadildnnnsmaaeulszansamussdriuliaunavensnszanedeyalunis
Uszananauuunguse nsdifiedesmsuiimesiaiie ulanmuandounelumile uiunas

WANFAWAUY kaARIlARINIIWN 4.19 Lag 4.20 ANUEIPU

M13197 4.19 Al LULNInggIUE NslATRIRsNImeSailoullan muinaeaunely

=] v
AUDUNY

Number HABC_ HABC_ HABC_ IPSO_

ACO_FCFS ACO_LJE ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_LJF IPSO_SJF

of Tasks FCFS LJF SJE FCFS
300 0.12 0.06 0.09 1.08 1.01 112 0.51 0.38 0.46 0.21 0.14 0.16
600 0.11 0.05 0.08 207 2.03 2.09 0.51 0.38 045 0.21 0.14 0.15
900 0.09 0.04 0.07 3.02 299 3.04 0.48 0.37 0.44 0.18 0.13 0.14
1200 0.08 0.04 0.08 4,08 406 4.1 0.49 0.37 0.45 0.19 0.13 0.15
1500 0.09 0.07 0.09 5.05 5.03 5.06 0.52 0.36 0.44 022 0.12 0.14

a W [ .:4' A a s A a v
M19199N 4.20 ﬂ']ﬁ'JULUEJQLUUN'Tﬁsﬁ'Tu ﬂimLﬂﬁ@ﬁﬂ@@JW'ﬁLW@iLﬁﬂJQUNaﬂWWLm@aaﬂJﬂqﬁJlu

LANF AL

Number HABC_  HABC_ HABC_ IPSO_

ACO_FCES ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_LJF IPSO_SJF

of Tasks FCES LJF SJF FCES
300 0.16 0.12 0.14 0.71 0.63 0.74 0.86 0.52 1.18 0.41 022 0.48
600 0.17 0.09 0.15 1.32 1.27 133 0.89 0.55 1.29 0.44 0.25 0.59
900 0.15 0.12 0.13 1.93 1.89 1.9 094 0.52 1.26 0.49 022 0.56
1200 0.17 0.13 0.12 2,57 2.56 2.59 0.87 0.53 1.03 0.42 0.23 0.33
1500 0.16 0.11 0.13 3.19 3.17 32 0.82 0.65 0.73 0.37 0.25 0.23

21NAN9NT 4.19 handAdud pauuInasgIuLedanes i smuni
dnnlglunimaaeulszdnsam lagldyataya Dy waanN1IMaaeUUEANTAMNUIINAT
é]"ﬁmi'mmuimai%mgumauawmwﬁﬂufaLﬁaum‘u@J’ﬂ”‘uma%’ma”m”ummwu%a%‘aﬁﬂ
(HABC_FCFS, HABC_ LJF wag HABC SJF) ﬁﬁhdamﬁmLuummgmﬁﬁaaﬂdwmifi]’mm 1514
ailaeldsanesiia ACO, PSO wag IPSO lunsdlfirsesnoufinne Siaiouiiannuwi ndeu
Aelumiloudiu

nsdifiedosmesiame fadloutianmuandounieluwansneiu fauandly
aadl 4.20 lunsmaassnaunthnudy AnaviusagimliaunavenIn sy

Toyaluunnsdiisnis HABC wag ACO damansneiudntoy wininfinnsaludveanis
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Winuifisuussansnmlasldedutosuunnsguimuin 35013 HABC uay ACO Hui
Afanaaiun fiunannnmageuUszansamnuin Sane3iiu HABC Siusyansam
N19%197U7 Andndane3iu ACO, PSO war IPSO lun1sdanisnenisvinaulussuunis
Ussananauuunguam islunsdifedoseufinme iafloufian muandountelufimioudy
wazuansiy SnadsrieliiAnamaugasiminenslussuy  weedsisanaly
nsvineulviteyasaig

Famnnsmaaewimuai ld e e Juarldn szurun1sdnan s ui i
Snvzadeadsiulnedanuisnsiansnulegldniadn ievinisieuiiisunda
WU dane3fiu HABC aunsawandbitiiufsuszansnmnisvinulafiniidanesfiu ACO,
PSO uay IPSO Tnslawizegnedslunsdiiidsuunlnadwinsuneu (HABC LIF) @l
Wivaudazheliszuuiinnsnszns nuiiaunaudafisannaitunatwivlussuule

ANAY

4.6 nan1sNARR LY fiuUsEAvENW IR I 3TN elng 1Y MOABCQ
nsaATS T e Sua ean 1 T AdeUU s¥ANEA MBI SN T e Useiu
Usvansamuedisnisdamsnuiidudaseseiu (Independent task) Tun1suszutana
LUUNg e Tl uiasnsdan1s19uny uil ivanefnny sgasd (Multi-objective
optimization scheduling method) Ingldtunsueaniauiaiionmudiunsusuldduney
Fnsdeuiuuufa Wetielinldtunouomndesifovmusaioildiiity en
Sanoafiuiii “MOABCQ” Fsdaneiiiufitiaus it ingysvasdifle fiud seansnmnisldam
YRMINNTVBITEUU  ayliiinsnsz g useninandesnoufinme Salo unuuanna
(Load balancing) Inefisnsanannatsumaaalunisviie (Makespan) arldaneiildlu
nadvinuluiedesresine Salioune sy uagnsldsuminensndenfutosign
(Utilization of resources) il udiodinvosnisiiasamioniu (Optimization problem)
nsUssfiuyszansamlunisinnnsalaeldsanesfiniithiaue  grihluSeuiisudy
FBnsianiandagliiinimedtainiduiidn W duneunistanmenulagld Max
Min [53] Sunetdsnissamyeausuuinieuldneu (FCFS algorithm) Jumeunisinniss
muufuumummmimg'ﬁq@ﬁ'}ﬁau (LJF algorithm) wazdsldninii Sslevinisd3ouiieunis
famsanlaeliiinmiaundtainfduiten fe tunewisnismAmeumuvayiian
LUUNE WeYAIA (PSO algorithm) 7 una i 5 159 1AL ANT 4 AL UL UAN LI (CS
algorithm) Snhedaldimsdeuiieufudsfidiauslunimaassiewntin Ao 3501540

n1510uleg TR ue AR BNAIUARUNITINA WU TULUUEITARN (HABC_LJF)
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nsUszdiulszansamlunisdnnislaglddane unihaue  Usenauaigaiumnigg
Aal N1AIANNTITITLHBTENNLINE DUIUNITNAF DI NITHIATNITITLADIANNSUDANDSNULUA
a a a o P ~ v Al A a
gasafnnldlunisuSouiiou yadeyaildlunimaass wasnan megeuUssdnsnInves

ad A o
BNIINUNEAUD

4.6.1 nsssAmnslimesannuaadenlunimaass
157 1AM WM eduuUTIae Wit o UstLiuUSE AN A ueedE nsT Uaue
(MOABCQ) liovhnisi3suiisuiunisinmseilaglddsnnsdug lussuunisussunana
LuUnguel nsdledosaesime fafloufianmuandounieluwansnaiu denmaaedldly
1Usunsu CloudSim 3.0.3 Tun1591889a 0 MLINR DULERBUTINUDI TEUUNITUTENIANA LU

NAULY NITAIAMITANB VBV UTIAIAN ML INF DU LAT BUITNANIARINNTNTN 4.21

A15199 4.21 ARSI UUINaDIEN MRl UNTAaB Y

Type Parameter Value
Host Number of Host 20
MIPS 177,730
Bandwidth 10 GB/s
Storage 2TB
RAM 16 GB
Data Center Number of Data Center 1
VmScheduler Time Shared
Cost per Memory 0.1-1.0
Cost per Storage 0.1-10
VM Monitor Xen
Cloudlet (Task) Length of Tasks 1k — 900k
Number of Tasks 200-1,000
Virtual Machine (VM) Number of VMs 5-100
Processor speed 3,500 - 100,000 MIPS
Memory 1-4GB
Bandwidth 1,000 - 10,000
Cost per Memory 0.1-1.0
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A151991 4.21 AMNSERESURILUUTRBIENMKInaNlUNTAaB Y (vi)

Type Parameter Value
Virtual Machine (VM) Cost per Storage 0.1-1.0
Cloudlet Scheduler Time Shared
Number of PEs 1
VM Monitor Xen

4.6.2 NM3AIAIMNIITNBTANTUTanaNMunE3aRn T g lun1 9SS Buiay
TuNIMAa NN M UAA N1 31800 $199U 21N suaz ko ulusi1eg Taee1984
WA TINUNAMUAADITDY  TunsUsziliulszansnmeesisnistiaus laevinn s
Wiguiigunud unowiSenanil Ani wgunua AUN153INE W UITULUUEIFadn (HABO)
OQJI aa o z.:{' 1 5 aa 1
Y UADUITNITNIAIAD ULNINZAUNFALUUNGNBUN A (PSO) [77] LALY UABUITNITNIAN
a" 1 3 Qg‘, ) a" v a1 a 3 1 dyd 1 1
WMHNaNNankuuENNImMI1 (CS) [66] st lunnsruiunimnsiiwme sivaitiinasg wunse

Usg@nSnmnisinaueeswanesyiy velnsmuuanisfitnesasianaeiuluauuiaiasg

=

anwnzvaslami lunimeasdddnmunnisiive svestsmvieaungndmiusanasiy
Tnaue Mavlaldueran1saaesluiideil 4.4 N13RIAINITNNe SY898anesTINNABISERN

Alun1sUIoUTEU kanslaAanIs1an 4.22

o ] a s ) a e TR (e = =
M19199N 4.22 ﬂ']W’ﬁr]gJLG\EJ?U@Q@ﬁﬂ@ﬁmm&mqﬁ'}3a@ﬂmimUﬂqiLU§8ULV]'EJU

Algorithms Parameter Values

HABC [61] Number of population (n) 960
Number of sites selected out of n visited sites (m) 96
Number of best sites (e) 1
Number of Employed bees 192
Number of Onlooker bees 768
Maximum iterations 1000

MOABCQ [78] | Number of population (n) 960
Number of sites selected out of n visited sites (m) 96
Number of best sites (e) 1
Number of Employed bees 192
Number of Onlooker bees 768
Maximum iterations 1000
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AN5197 4.22 AN5IARDSYBI9 AN NULANENTARNA LT luNSISeUiEU (A1)

Algorithms Parameter Values

MOPSO [77] Number of particle size 100
Weight (Wyin» Winax) 0.1,0.9
Self-recognition coefficients (cy,c,) 1.49445
Maximum iterations 1000

MOCS [66] Number of population size 20
Abandon probability (P,) 0.25
Step size (M) 0.01,1
Maximum iterations 1000

4.6.3 yadoyanlilunisnaaes

Tunsussifiudsyansn mnisdamaanuitiaue - dldyadoyasionun 3 yad
uangnaffy il 1) yadoyaduiuuase 2) yadaua Google Cloud Jobs (GoCl) [11] way
3) yavaya Synthetic workload [12] fiywaviduasiil

1) godogadunuudas Reyadeyaiignatstunuvds tneflumesteyany
3¢9 1k = 70k Million Instructions (M) FeUsenoumeesIaL 1000 99U wiage1y
Usenaude 1uaves (Task size) §muau CPU fifinisSesve $muau RAM fifinisieve
Juu

2) ypdoya Google Cloud Jobs (GoCJ dataset) [11] feifugadeyaiiaiionsss
284 Google ‘ﬁgﬂa’iwfuﬁmﬂ'%mmﬂ"ﬁisz’fmuﬁqﬁwuiu Google cluster traces lagld38n1s
Bouuvunsadaseuiaila (Monte Carlo simulation method) Tugataya GoCJ fiinng
fvua AR IR 15k-900k MI Lagdinisutsadonadsil small size jobs (15k — 55k
MI), medium size jobs (59k — 99k MI), large size jobs (101k — 135k MI), extra-large size
jobs (150k — 337.5k MI) wag huge size jobs (525k — 900k MI)

3) gadaya Synthetic workload [12] Aegateyafignaisiudienisdy neld
FEnsdsuLuunadiveuinndla SszneumenuiidvuinresnuiLansetusue 1-
45k M hagdn1suu eyt aya ol tiny size (1-250 MI), small (800-1200 MI), medium
(1800-2500 M), large (7Tk-10k MI) wag extra-large (30k-45k MI)

4.6.4 nansnaasuinayszliuuseansamlunisvinnu
n1sUssiuUseaninmuesisnsdanisadnaue (MOABCQ) lngldyndayad
Amualun megaey WeoSuufis unanismeasdluwdyuvasiavinaunuaie (Makespan)

Al 918 (Cost) 8ms1d@1unIslanIneInslaulad o (Average resource utilization ratio:
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ARUR) USanauanusionthienian (Throughput) wazeniuldaunavesnisnszans (Degree of
imbalance: DI) lun1snaaeieysediulstaninmyesisnisitnaus (MOABCQ) N9K33e
1A MOABCQ 53t 1U38N1590MN1 91991 U85 ANWUUAIAUN 15U1090091U (FCFS) &9

13607971 “MOABCQ FCFS” 4agn159nmaeamdisafinuuuaununalv giandwina uneu

'
Yo

(LIP) aBsnd1 “MOABCQ LIF” Bnvisdsvinslsuifiousudanesiuiduiisdn 1éun
S NTEAMTI UL UV IR UNSNE 8 99TY. 3EA15EAMITINNLLUY. Max-Min duneuenmn
ﬁﬂmEfaLﬁauﬁﬁmuaﬁ’muiwﬁ’umﬁmmmmu‘lmﬁmimmmmmawuﬁﬁwmimyl
ﬁqmsﬂ"]ﬁ'}dau (HABC_LJF) Gﬁgumaﬁ%'nm%auﬁl,l,wﬁa (Q-learning algorithm) FumeuAsns
MFIA UL AL T AR LUU NGB AL UNANE TR UsEaeA (Multi-objective particle
swarm optimization: MOPSO algorithm) LLa3%‘14@au‘i'ﬁﬂﬁmmmmzamﬁqmaauﬂmmdw
LUUnateIngUssasd (Multi-objective cuckoo search: MOCS algorithm) NaT LA
NaFeUTUAnIIN N IMARDIT AL 20 ASsdmSuusagisns waviaue udads s

Uszliuusgansamlunsiazuiyuisuazdendde il

4.6.4.1 wan1snadauUszansawlunsaliianinanusiu

nan I ueul sEansameaisnsriiaueTulivasanine 1w s
Falunsmeaeslifmunsiununsesneuiiamesadeuiady 100 w3es uwasinuaySunm
ulunIsmeassdlavindu 200, 400, 600, 800 way 1000 911 Tunismeasslainisneagau
fugadeyadnnu 3 yadldnaniduiaton 4.6.3 Tsnanmaassuandldifsui 4.9

MMwaneasstuguil 4.9(n) wansnahausalagyinsuseuLiioy
funeunsdanreluniesneuiiowesialiowitian mundeunteluwandaiu oy
nsneaeulngldgndouaduuuudase naannimaaewantliiiuil nsdaniseenda ety
MOABCQ T A1ia1viausiud feadasniinisdnnisaaulaeld Max-Min FCFS,
HABC_LJF, Q-leaming, MOPSO uag MOCS usiogslsfinunslovnimeasulnedeyadnou
400 971 wui Msdansadesld MOCS enaissiivesfigaide 3o uifisuiuisns
du Ae MOCS TAamuiitiosndn 3.69%, 3.77%, 8.82%, 13.85%, 20.77% 23.41% Wag
8239% owWSsuisuiuisnsianisesnulagld FCFS, MOABCQ LJF, MOABCQ FCFS,
Q-learning, HABC_LJF, MOPSO kag Max-Min fnuaisiu

ynfissandeyaidsdnludiures MOABCQ WlevinmsiSsuiiiousening
MOABCQ_FCFS wag MOABCQ LJF wu31 MOABCQ_LIF T A 11aa19M91usu7 Hewnin
MOABCQ FCFS Iuﬂﬁcﬁﬁﬁmﬂsﬁsﬁagahmwmaaq 200, 800 wa¥ 1000 97U WA N MATINY
Fumunidleldideyalunsmaassdiau 600 s WUt MOABCQ FCFS Tidwaamiau

Tufitiesnit MOABCQ LIF windu 0.51%
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30 200 -
- m Max_Min BFCES
:gf‘x—Miﬂg - %iFBSC LIF = Q-learning HABC LIF
S || = MOIEHIPS“O v 700 | | mMOPSO = MOCS
EMOABCQ FCFS 8 MOABCQ LI = MOABCQ FCFS mMOABCQ LIF

Makespan (s)
o

200 400 600 £00 1000
Number of Submitted Tasks
v 1 a 2
() YAVOYAAULUUDATE (¥) yavoya GoCJ

70 rev= M =TCIS
= Q-learning '"HABC LJF
=MOPSO =MOCS

60 | mMOABCQ FCFS mMOABCQ LIF

740

2 I

gm !_
1 o L

20 E : E !
By ] ri |

o o 0
| g | i =
;’ | | g'

{) | | | | | |
200 400 1000

600 800
Number of Submitted Tasks

(n) YAUBYA Synthetic workload

UM 4.9 Wiguigudsyaniamues MOABCQ TulkdvadiavinaIusiy

Lﬁaﬁmsmman'ﬁmaaﬂugﬂﬁ 4.9() LLazgfdﬁ" 4.9(A) waARIAWINUTIY
dlevinsmaaedlaslinadens GoCl wazyateya Synthetic workload AnuadyU Na9InNns
npaosuandliiudl n1sdannsamilasld MOABCQ LIF Iianawiunuiitosfign 3
Sovihmmeaeulasldyadoya GoC) Fnsdamsrsnulagld MOABCQ LIFl%aaan
unNtesnitlagyusyanm 117.80%, 92.15%, 46.17%, 42.25%, 34.94%, 30.62%, and
8.21% il a1U3uifiuiuisnssanisneeulaeld Max-Min, FCFS, Q-leaming, MOPSO,
HABC_LJF, MOCS uag MOABCQ_FCFS aua s U wagidovinn1snaaeuy sednsamees
35157 dnauslneldyateya Synthetic workload Wu2 135 n1sdanisesiulaeld
MOABCQ_LJF TiaaaiausintesninlaeUssun 150.75%, 98.61%, 25.53%, 22.87%,
15.35%, 10.76%, and 2.97% il 01U 8 UL auriu Max-Min, FCFS, MOPSO, Q-learning,
HABC_LJF, MOCS, and MOABCQ FCFS anuaau 4 sa1u1sn 53U LA 31 MOABCQ LJF &
UsrAnsnmmioniniinisduiituouideuits 2 yedeyaiiiwmeaey Fawadld

LANANAUN DN ITINITANAIVDIIAWINTUTIY
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Matdlansaasuluninunans iyl NS nsaua us dulva1iian

=

MunundAies g Weswn MOABCQ LIF anunsadnassadlinuningnsimungay
MNuaENS AWl awnsaalladnisnisdanssnundiauetiulidne ninlunis
Jnasmingnsegwiusz@nsam welvissuvannsaldanuninensniiegeg1ed uaun

Nan

4.6.4.2 wan1snagdaulszansninlunsaiusunaununaniigan
nan s ufisulssansnmuedisnsiviauel uwdmesU3u e use
whenan dedunimeaeslaimun s waSesreuiiwe Sailouwiiu 100 wses wasz
AunUSuaulunfsueaaeliavinny 200, 400, 600, 800 way 1000 4 lun1snaasla
fnsnaaeuiugadoradiuau 3 yadildnamidwided 463 nanmaasaansfagui
4.10

—
e
(=
[¥8]
L

—%— Max Min -] T[T M M FCFS
o || o Qeaming — & HABC LF I~ Lan : T tE
120 | —e—nops0 —&— MOCS B 3 | e MOABCQ FCFS —e— MOABCQ LIF |[@—
m —e—MOABCQ FCFS —e— MOABCQLIF (@ @ 3 P —3
2 X 9 AT
z100 ol b @25 _i-t'/
£ = Z . am v %
o P -
28 ENZ Ty 3
= g i a8 o
=] 2\ / - - . 4
R z S o
5 15 s
= = ;/ P *
& 40 (2 ) ~\¢
2 T 7~
o
20 =T, 05 [
g 0
200 400 600 800 1000
Number of Submitted Tasks L4 ' 1‘-.'11mh:='r6(10fgJ thmfﬂeds EJFSRI(R 1000
v 1 a 14
(M) YAUDYAFNLUUDETY (V) ynveya GoCJ
40— —% —FCFS
Q-leaming HABC LIF
35 MOPSO MOCS
~—@  MOABCQ FCFS — e MOABCQ LJE :» \
=30 _J__,:,.?t”__”.i“{ N
525
I3 / = e
- /
220 s
5 -
2 8
Z1s ) °
=1 e
@10 e > o
Z e
0
200 400 600 800 1000

Number of Submitted Tasks

(A) sqmsi’fa:ga Synthetic workload

UM 4.10 WisuiiguUseansnimues MOABCQ TuudvesUSunaianusoniielia
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HadnnIaaaulsEansnmluyuvesUSinasenineal lngldyndoya
duuuudasy uanamanimaaedldissud 4.10(0) wudniBnisdanisesnulagld MOABCQ
annsalieUiinaeusenienainitunetdsnstuithunuisuiiey sniuselunsd
fvinmaaeuiuySnuaudiuIn 400 91u nudnisdaniseelegld3s Mocs Twan
U3 uaue 81 811a1% An 3133158 U naafe MOCS fiA1unn1135 0158 ui tinan
Wisuilgudedawintu 3.56%, 3.63%, 8.10%, 12.16%, 17.20%, 18.97%, and 45.17%
W oSeueuduisnisdaniseasulaeld FCFS, MOABCQ LIF, MOABCQ FCFS, Q-
learning, HABC_LJF, MOPSO tag Max-Min a6y Laziflofinsanaaisnisdanselae
T4 MOABCQ Tuid 98 n wu31 MOABCQ LIF IWA1uU3 u1auanus 2813817 110030
MOABCQ FCFS Tunsaliflevinmaaeuiusnudiuay 200, 800 waz 1000 91U onLiuULA
sV IMAe eI IIL 600 914 WUT1 MOABCQ FCFS MWiAU3uainusiontae
A17LNNTT MOABC_LIF Sidwwinfiu 0.50%

pdsnndudevnimedeulstansnmuesisnasiiuiauslne gadaya
GoCJ Way Synthetic workload tienagauusyansamluynvesUSmnasusonhenal ua
MnMmnassnanslasgUil 4.10) Lag 4.10(r) AWAFU F93NAMARBINUTIN TR
as1eulaeld3s MOABCQ fuszansTunsiuiidnindsnisauithuiuie uiiou uazde
WAy szdninanlunisanmsisenulasly MOABCQ FCFS way MOABCQ LIF wuln
MOABCQ. LJF §iszAns nmlunsvinuiimiiondn MOABCQ FCFS Usvanas 6.14%

FaslawFsuifisunanismaasdutivesdninasusevinenan ey
nmmeaeulaeldyndayaiivainuats annsaasuliin msdanisselasld MOABCQ LIF
fifnenmlunisinassanlitunine nsifegedrmnzaiguieidunanimaasafing 12

slugnanu

4.6.4.3 nan1snadaulszansninlunsaisnsdiumslininennsiaende
nan1USsuisuUssansameesisnsiviaueluldvessasdiunasly
n¥nenslands dddunismeaaesldimunsinuadssreuiawesiaiouviidu 100 w3
wazAmuaUsIaulun1seasdidwindy 1000 9 Tunsneaesladnismegeuiuyn

Tayaiuiu 3 gaiilanandduiiden 4.6.3 Smanimeasauwandanmisnd 4.23

AN5199 4.23 W3y UguUsEansnmeass MOABCQ Tuwddnsid@runistansnensiaenae

Task Scheduling Approach
Max-Min FCFS Q-learning ~ HABC_LJF MOPSO MOCS MOABCQ_FCFS MOABCQ_LJF

Dataset

Random 0.200 0.332 0.660 0.642 0.637 0.698 0.762 0.812
GoCJ 0.190 0.252 0.610 0.692 0.684 0.702 0.742 0.792
Synthetic workload 0.178 0.505 0.755 0.723 0.722 0.761 0.796 0.801
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Mnwansmaaedhunned 4.23 wandiiiudn devihnmeaaoulagliyn
foyatia 3 4n n1sdamsaauiodvanlusiosmoufiunefiafoulng143s MOABCQ W
Amasdandunslinineinslagiadsfunninsdaamadniemlagldisnsauiitian
Winuiioy uagvnfinnsaludednita 3 gadoya nuindanediu Q-learning, HABC LIF,
MOPSO, MOCS, MOABCQ_FCFS waz MOABCQ_LJF thy lifrnasdnsndunisldnsne ans
Tneadsilndifeetu Janndsanisnisdanissalegld Max-Min uay FCFS nanis
naaeall evnsmaaeulaeldyatoyad uuuudase nuinsdanisaaulaeldis
MOABCQ LJF fidndnsdunisldninenslaewdediuinnin 6.15%, 14.01%, 18.72%,
20.94% uay 21.53% ew3suiieufu  MOABCQ FCFS, MOCS, Q-leaming, HABC LJF
wag MOPSO Auany

nan1sneaedulinnue asdiunslinineinslasiade 1 ovins
nogeulaeliyntaua GoCl wuil n15Inneulaeldis MOABCQ LIF fA1dnsdiunIs
Tinsnenslagladefinnnii 6.31%, 11.30%, 12.63%. 13.61% wag 22.99% LiowWIeuifiou
U MOABCQ_FCFS, MOCS, HABC LJF, MOPSO 4ag Q-learning

wansnaassiileldyateya Synthetic workload #uIIN15INAII1 99U
Tnel435 MOABCQ LIF fidndnsrarunislénineansiaeindefiunninnisiansuaulaeld
MOABCQ_FCFS, MOCS, Q-leaming, HABC LJF ag MOPSO Aniu 0.62%, 4.99%, 5.74%,
9.74% uag 9.86% AWE AU

FuslawFsuifisunanimeasdugnvessnmdiunisliningnslaeiade
{fovinmpaoulngldyatoyafivarnvais anusaasdldin nsdaansesulasly
MOABCQ_LJF @1u1sag1elunisdnmisnenisiavinsnulussuvegailszdnsnan uas
annsagiglunisnsznenulugminensidlegldediemia Jsaelszuuiiniwaunaly

ANV

4.6.4.4 wan1snasaulssansawlunstidianulisunavainisnszaney
nanaSsuifisulsEansamuesisnisiitiauslundvesdmnulsiauna
¥93n13n 328 Felunmeaesliimuninueiosnenfiame fadouyindu 100 edos uas
AmunUSunasuluniseaseliavinnu 200, 400, 600, 800 wag 1000 4 Tun1snaasla
finsmaaeuiugadegadiuou 3 yafildnandduided 4.6.3 dmanimeasuansleiss

AT 4.22
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M13197 4.22 Wiguimiguuseansaim MOABCQ luidvasaiaiulilaunavein1snseane

Task Scheduling Approach

Dataset Task
Max Min  FCFS Q-learning HABC LJF MOPSO MOCS MOABCQ_FCFS MOABCQ LJF
200 1.285 0.577 0.442 0.462 0.334 0.280 0.264 0.200
400 0902 0.425 0.285 0.241 0.309 0.177 0.177 0.166
Random 600 0916 0.685 0.585 0.378 0.555 0.203 0.134 0.116
800 1.138 0.660 0.237 0.157 0.573 0.177 0.137 0.115
1000 1.330 0.526 0.297 0.175 0.221 0.159 0.097 0.093
200 1.023 0.829 0.311 0.430 0.450 0.250 0.270 0,132
400 0997 0.944 0.272 0.283 0.278 0.204 0.146 0,123
GoCJ 600 1.114 0.652 0.299 0.291 0.299 0.281 0.276 0.176
800 1234 0.544 0.478 0.294 0.499 0.287 0.387 0.275
1000 1.112 0.912 0.355 0.373 0.387 0.363 0.314 0.251
200 1.529 0.964 0.225 0.410 0.412 0.378 0.268 0.187
400 1.314 0.905 0.342 0.463 0.472 0.315 0.293 0.305
Synthetic workload 600 1.130 0.766 0.302 0.734 0.742 0.301 0418 0.214
800 1.147 0.670 0.295 0.368 0.413 0.274 0.141 0.117
1000 0.834 0.679 0.211 0.235 0.337 0.210 0.209 0.122

Nawansmaaeduned 4.22 devihnsmaaeulaglfyadouaduuuy
Saszuazyndoya GoC) wuimisdamseulaeldisnas MOABCQ LIF thilsidnaanulsl
aunaveINInsz e e dariieneuifisuiunisdanisnalasld3sn 158 uil thun
Wisuiiey Seustlenisianreailngldls MOABCQ LIF suannsanszang s 1ulues
n3nensiegluszuulfogiaviniug innidsnsduiiswSeuiiou uiideyinimeass
Tneldyndoua Synthetic workload U1 evinismaaeslasimunymanuiniy 200,
600, 800 waz 1000 91U N1sdARTelagld MOABCQ LUF thlvidiaaniliannaveanis
nsgeiitlsninisn1sdu eniuusinsdiidmusUiinasilunismaassdiauminiu 400 91u
fuwuin msdnnnsissndlasld MOABCQ FCFS thilsamnliiaunanasnsnszansdites
7 g0 391 831 3LUF e ULt suduisasdnaisassnulasld MOABCQ LIF nud
MOABCQ_FCFS aunsanszasauldanil MOABCQ LIF agjjﬁ 4.37%

Fevnuantmaaesis 3 yadeyanudl nsdamssnidagld MOABCQ
fuansndagluntsnssnenulugminensiiterlussuulfegwinge dwalirinnull
aunavoInInsrAedulistios uasnidlefinsnisnisiviaueludednaenuin nsda
a151997ula ey MOABCQ LIF SUsedns aanlun1svineiuid 11nnd135n158 il an

WisuwWieu uaviallogelsfnuduegivgadeyaihuvinnismageusiy

4.6.4.5 wan1snagaudszansninlunsalanlyane
= = a a aa d‘ o 1 1 L7 d!
nan1sUSsuisuUsEansnmuesdsnisndnauslukdvasaltany Felu
Y o o d' a s = 1 [ 4' o a
A15717a04lA AN UATIIWATDIABUNILMDSIELDUYINTU 100 1AT89 hazi uaUSuIaauly
n1sneaeadiAnviaiu 200, 400, 600, 800 way 1000 11U lun1maaeslatinimaaauiuym

[ o

TayadnuIl 3 Yanilanadfisluinten 4.6.3 Fawan1svaasnandanagui 4.11
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250 2000
mMax Min mECFS mMax_Min WFCFS
= Qleaming HABC LF .
u MOPSO MOCS 1800 :Sé)?s’;ﬂg .ms_ur
200 u MOABCQ FCFS mMOABCQ LJF 1600 | mMOABCQ_FCFS mMOABCQ_LIF
1400
QISO %\ 1200
g = 1000
o 2
8 o
7 100 2800
600
50 400
200
0 0
200 400 600 800 1000 200 400 600 800 1000
Number of Submitted Tasks Number of Submitted Tasks
4 1 a v
(N) YAVDYAFULUUDATY (v) ynvaa GoCJ

700

u Max_Min WFCES

= Q-leaming HABC LIF
600 = MOPSO = MOCS

s MOABCQ FCES  mMOABCQ LJF

n
(=]
o

=
=3

Cost (G$)

200 400 600 800 1000
Number of Submitted Tasks

(R) YAUBYA Synthetic workload

UM 4.11 Wisuiigudseansn1wues MOABCQ lussvasailyiny

devinmaaeulssaninmuesisnunavelagldyndeyauuududass wa

1Y

A1NAaRIUsEENS A LA laasUT 4.11(n) WU31 N5Imesaulaelels MOABCQ wu

Y

£
==

a11150%8anA1ld1e7iAaT ulduinnTanisdanisaaulaeldds Mocs, MOPSO,
Q-leaming, HABC_LJF, FCFS wag Max-Min Laziiern Ui U suU sEanS A ANy
551N MOABCQ FCFS way MOABCQ LIF wud n1sdnasnsaulaeld?s MOABCQ LIF
Freanaldieldinnninisdananulagldis MOABCQ FCFS Useana 3.38% wlefinns
AvuAUSLIIUYINRYU 200, 400, 600 war 800 91U TunenduiuilofmunUsuia ey
wirfu 1000 91U WUt nsdaasanulagld MOABCQ LIF tufieldsefiintuninns
MOABCQ_FCFS Uszunal 4.88%

FlovimmeaeuUsansamnsienlagliyateya GoCl nanimnaes
wandléfaguil 4.11(0) wudh medamseeulagli3s MOABCQ thuamnsntasanalddned

Andulauinninisinaeulagldisduninilssuiieu wudginunimeasdlegldm
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Toyaduuuudass uagilovinauiouiisulszansnmnisiteuszing. MOABCQ FCFS
war MOABCQ LJF wuin nsinmsesulaglels MOABCQ LIF 9eanaildansluntsdily
Uinslaunninnisdnaseeidaglds MOABCQ FCFS Useanas 20.79% ilefinnsrnun
USunauiniu 200, 400 uar 800 91y lunenduduilefmunyUSuiaeumindu 600 wax
1000 14 WUt Msdeeseelneld MOABCQ LIF shifleldsnefiintuuinnian1sdn
M191991Ulne 1935 MOABCQ FCFS Uszanas 0.48%

i evinimaasuyszdnsamnisviaulneldyateya Synthetic

workload Han1MARBILARlARIEUN 4.11(A) WUl MsdnaTeulagldis MOABCQ e

'
Y A

anenldi1e7iAad uldda an i wmiertugndoyaguuuudasuay GoC) uazidovinis
WisuisuUsza@nsnimnisvinauseningy MOABCQ FCFS uag MOABCQ LJF thmuin s
dan151991ulalda 5 MOABCQ LIFvsana ldatlauinniidnnisisaiulaeldls
MOABCQ_FCFS sniiuiflormunuSinanusiadu 400 91 wuit msdamaesulaeld
MOABCQ_LJF thudlanldanefiiindusnnnin MOABCQ FCFS Ussangs 1.90%
Feonuanimagosia 3 gedeyanuin masamasnulegld MOABCQ
tuamnsodamsanisinuldinzanfiolidedildde fiasas Wewssudieuiuisnidu
wazmndlefiasaisnsfidiausludsinaznudn MOABCQ LF thiiussansamlunisin
maNuimanzauiuninein siegluszuulduinndniBnts. MOABCQ FCFS ilofiansaun
PNABATIATUAILANA TR 2 38013 uesitungfugadoyaditiunldlunas

NAFADUAIY

4.7 AANULULIUTDIIS MOABCQ

APdudeu (Time Complexity) ¥a$35 MOABCQ fuaailéiail Tu ABC Snnsrimun
FruauUssrnsiaudy (nitial population) $113u n waznsuUaRsoenidu Employed bees
w8z Onlooker bee ety snuseulumsmsusazaSuitofumiroeufinmesiaiion
(VMs)  fimsnzasilunsuszanananuunguseyiniiy n o wazsiunulunisuiuusedeyalu
A1579 Q-table FAWINiU n ASauieniu dwaldrmududouresiinsinnmeemiae
14 MOABCQ #o O(n) win ABC vidiluduneuiisniau k ad Amududeussiiauiiu

k x O(n) 119970 k 1 0UAIA9T AatiAIAugugauas MOABCQ dawindu On)
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N iaueIsn1sdan sl wbasededulul szananauuunguas lag

Yy adaa o

WU 35 n159Am13190uLUUT S vate Tan Uszasd Sniadslddnnsthi s
Uayausehvgid wngglunsualot gmn %GLﬂUﬂWiU%Qﬂﬁ‘ﬁ%"uma IR IRD LR RIT LT
(Artificial Bee Colony algorithm) aaua funsl4duneuisnisssuguuufa (Q-learming
algorithm) 35 15l Laueilfnguseasdifiomuusednsamlunsdanisanunaznsly
NIMEINT LazayaNnasErineTenouiawefailou lagannanisussiulszdnsam

A1050aFUNALATIATITRANIINAR DY TIND TRl arTataua Iy Lanall

5.1 ATUHALAZIATIZINAN1TNAGDY

[ [

AT I Uil sgansa mnslFnuninenslusUuuunnsUssinana
Luunguel uagteliinisarnesuszinaeiesneNiime adeunuuauna dmiis
Ifaueiinsdnameslnenisy szyndlddunonominfiauiadien (Artificial Bee Colony
algorithm) AIUANUNTIINAITRULUUEITERN balkn N133nReItaanuaiunIsufisues
9 (FCFS) n1sdniGosteyaniuvnaveanlagizesieyanidniigalunavuinlugian
(LUF) waznsdnBesdayamuvinnvasandas Soedoyanningianlumvuiniénian (SIF)
diethelunisdanisneay Tusisusnyesnismadeuy seansn mue 9380 159An1519 91Ul
thiaue Iefinsisanannafildlunisvihnutesimsaugalussuunisussananauuy
naue FeBenisnisfihiaueiiin “HABC” Tunsnasuyszansaminsldyadeyadd
YUMYDIULAZU T NYB IR TyATITIFUuUUN ST iNARseY fe yadoyauUY
dudasy YAUaYAKUUNIINIFIToYaLUULINLIUNR YATeyal uUNSN ST Toyal uuLl
121 wazyateyanuunInsz e dogauvude fdunimaaoudstansamlainisimue
Funwveuaiesnouiumesiaiiowlidaned TuvarAsununilussuuinmuasudas 49
AT TAAeUUTEANEAMYBsTEUUNUTY 3013 HABC LUF fuanunsntisaniailuns

a a o 1

WildnussuunisUssinanakuungualieg wilusedniam wavaiunsniinanulaaninis
FANsNNULUUEITaRN  nnIsnstaueiiuliseaniamlun19ieunaniinisda
A1519UlagldNImIA A WL EEUNgAMEITe TN TR NNALATT UN B WIBN 1T 1A IR B U

WMHNZaUTgAUUUNGLOUN A



91

NN EITelalaueIsn1sinn N uwuunEnae ingUssasrlunsuse uiana
wuuNguuE LagRiansanniaInuimuatun 19y atddenldlunisiavanulu
wsesneuiwmasaion waznisldnuminensniauiudesfign Felatinisthiuna e
a r-g a | [ SJ:’/ aa a ¥ a dll ] % o 6’5
TauiaisumuaiunsuTuldtunewitn1sBeuiuuudl Wedielvinsianulutuneueian
fruiaiisnaunsavineuladitiu Sendanesiuilin “MOABCQ” Bnvisiin1siisiiun1sdn

a a a v a ¥ o W = a 4 1
ANTNITUMUUEITERN (IS8 tayanuaiunisufiewesu (FCFS) wazitestayantng
fgalunvmnadniian (LF) neae lunsuszdiud sz@nSainassillavinisnaaesduye
Jayaniauvanvateiveyssiiulseaniamvedisnisnidiaue  laun yadeyaduuuy
dasy YnUoyavad Google Cloud Jobs (GoCJ) wazynvayavres Synthetic workload 80
galevinnisdSeuiiauysednsnmnisdani sl aeldisnism Wi safnmduniin
Junaun153nnseUlaeld Max-Min Wudy wagdslunintu Saldvinisidseuiisunisdn
ayeailegldisnimaandsafnid witey Ao duneuisnismAmaulnuizauiign
LUUNENBYNIA (PSO) TUABUWIBNISMIAMLIZEUNAALUTLANWAIY (CS) Bnviagdalavinas

= = v addo | Y A aa Y] v & a

Wisuisunuisimhauslunisveassneumnii As 38n1ssanssulagldiunsusianiing
dy = 1 U o o a a a ! g
HUMEUAIVANUNITIAG W USULUUBITARAN (HABC _LIF) NAINNSNARBINUIT NSNS
laeld35 MOABCQ ransavaelun1snszatesulvniuinse sreui wre sia o unilegly
szuulaeguminzan uwagansadisanaitunisinaunazalgaelunisldnussuy e
° = a Y] Y] V& aal ° v °
nsUSeuiiguiumsdaesdasldtunedsnimdmeulagldrgeandian (Max-
Min) 35N1530AI9 199U UEAUNITUIDWBNIU. (FCFS) Tumauisnisise ufhuudl (Q-
learning) JunWIs N IR gaNlaslg UnD IS0 U TANNA  (ACO) TUADUITNITNN
ANBUWMNNZANTIAARUUNANELNTA (PSO) kA TURaWIBTNTNIANMAZANNAARUULN AN
(CS) Fawannnsnaassandiinin n1sdnnsalae 193 MOABCQ diusz@nsaannns

Y1M9UNANITIBNITINRITINUN UL NUTE U U

5.2 493111

Tunsfinuinfaiiiingusvasdifieifisn sdndamn sldureminen sve s seuy
nMsUszananaLuungume wazlifininszaenuszniedosmesimme flaslounuuaun a
§n9tafsamasalumsvhauvessyuukaran Al d e nd u Tae msi3s mann
oy sgAvsiduhslunsudlatignt Wennisnmsimanzailun1sviney wazudiin
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1. MaUszdiulszansnmueaismsiiuaueliyadeyalunimaseudniu 3 an

Lown gatayaduwuudase yateyaves Google Cloud Jobs (GoCJ) wazyndaya Synthetic
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1. INTRODUCTION

Artificial Bee Colony (ABC) is a Swarm Intelligent (SI) algo-
rithm inspired by the foraging behavior of honey bees proposed by
Karaboga in 2005 [1,2] and it is modified from Bee Colony Opti-
mization (BCO) that was proposed for the first time in 2001 [3].
The foraging habits of honey bees are foraging and waggle danc-
ing. The main idea is to create the multi agent system which is the
colony of artificial bees to be able to efficiently solve hard combina-
torial optimization problems. Therefore, ABC has been successfully
employed in optimizations problems like data-mining problem
[4,5], job shop scheduling [6,7], binary optimization [8-10], trav-
elling salesman [11], biochemical networks [12], engineering opti-
mization [13,14], image processing [15-17], as well as scheduling
problem in cloud computing [18-21].

Cloud computing system [22,23] provides computing services via
the Internet which will be operated upon user’s requests. The
requests are to manage the resources and services used through the
system software. The user can control the amount of resources used
such as CPU or RAM to an extent without having knowledge about
the service types [24]. As cloud computing is based on virtualization
technology that has no restriction on computing resources, it has a
great advantage for service providers in terms of simplicity, energy
saving, and low resource management cost. Cloud computing uses a
virtualization technique to create Virtual Machines (VMs) [25,26].

»Corresponding author. Email: warangkhana.ki@kmitl.ac.th

This paper proposes the combination of Swarm Intelligence algorithm of artificial bee colony with heuristic scheduling algo-
rithm, called Heuristic Task Scheduling with Artificial Bee Colony (HABC). This algorithm is applied to improve virtual
machines scheduling solution for cloud computing within homogeneous and heterogeneous environments. It was introduced to
minimize makespan and balance the loads. The scheduling performance of the cloud computing system with HABC was com-
pared to that supplemented with other swarm intelligence algorithms: Ant Colony Optimization (ACO) with standard heuris-
tic algorithm, Particle Swarm Optimization (PSO) with standard heuristic algorithm and improved PSO (IPSO) with standard
heuristic algorithm. In our experiments, CloudSim was used to simulate systems that used different supplementing algorithms
for the purpose of comparing their makespan and load balancing capability. The experimental results can be concluded that vir-
tual machine scheduling management with artificial bee colony algorithm and largest job first (HABC_LJF) outperformed those

© 2020 The Authors. Published by Atlantis Press SARL.
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It uses software to make a computer work like a system of multiple
computers (VMs). VMs can replace a physical computer server and
other necessary physical resources as they have their own indepen-
dent virtual resources [27].

Tasks scheduling is a challenging problem and known to be NP-
complete problem [28,29]. If the same server is simultaneously
being requested to be used by many users, the other servers will
become idle. This is called load imbalance. This problem can be
solved by an algorithm to schedule tasks properly prior to service
processing on VMs. A system with a proper task scheduling algo-
rithm can also provide an advantage of efficient use of the system
resources, i.e., it can reduce waiting time for a service queue and
distribute some tasks to other servers. The implementation of this
algorithm is called load balancing.

The operations of cloud computing are quite similar to those of
ABC algorithm as both can adapt themselves to their environment
which is a characteristic of the foraging behavior of bees. Their
objectives are also similar: the objective of cloud computing is to
maximize throughput for a desired makespan while that of bee for-
aging behavior is to find a food source with a large amount of honey
with the least amount of effort.

The main contributions of this paper are to propose the idea of
applying ABC algorithm and a task scheduling heuristic to each
VM. The algorithm will minimize the makespan or the over-
all processing time of tasks and provide load balancing in cloud
computing. Moreover, we focused on cloud computing within both
homogeneous and heterogeneous environments and observed how
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good the HABC algorithm works when the number of tasks in the
system was varied and the type of datasets was changed. It is found
that this algorithm performed the task scheduling better than ACO,
PSO, and IPSO.

The paper is structured as follows: the related works, including task
scheduling and load balancing in cloud computing and the ABC
algorithm are described in Section 2. Adoption of a scheduling
heuristic and load balancing algorithm inspired by ABC for cloud
computing is proposed in Section 3. The experimental settings and
results are discussed in Section 4. Finally, Section 5 presents the
conclusion.

2. BACKGROUND AND RELATED WORK

2.1. Task Scheduling and Load Balancing in
Cloud Computing

Cloud computing system creates a shared network resource and
service with the user. Due to its diversified, dynamic, and flexible
nature, different resources and services offering to different users,
are the advantages of cloud computing. It provides a service upon
user’s request [24,30]. Cloud service providers offer various cloud
services to user [22,23]. Resource management in cloud computing
varies depending on the kind of user’s request.

Heterogeneity in cloud computing depends on the infrastructure
and service provided by providers. In case of providing the system
with the same infrastructure to software packages and resources,
the environment in the system will be called homogeneous cloud
environment [31], while the environment in a system with different
resources are provided by different providers, software packages by
some other, infrastructure by yet another will be called heteroge-
neous cloud environment [32].

Over the last few years, exhaustive researchers have proposed sev-
eral different task scheduling algorithms which run under the cloud
computing resource utilization. Task scheduling algorithms mostly
aimed to balance the workload that users requested for within the
limitation of the system resources and to increase the efficiency of
cloud computing. For example, Chase et al. [33] presented imple-
mentation of an architecture for resource management for large
server clusters in order to provision server resources for co-hosted
services and improve the energy efficiency of server clusters by
dynamically resizing the active server set.

In 2009, D. Kusic et al. [34] presented a lookahead control scheme
to solve a dynamic resource provisioning framework for a multi-
objective optimization in a virtualized server environment. The
technique can approach accounts for the switching costs incurred
while provisioning VMs and explicitly encodes the corresponding
risk in the optimization problem.

In 2011, D. Minarolli and B. Freisleben [35], proposed a scheme that
dynamically allocates the resources to VMs. Such that quality of ser-
vice constraints is satisfied, and its operating costs are minimized by
a two-tier resource management approach based on adequate utility
functions. Later in 2012, A. Gorbenko and V. Popov [36] proposed
a logical model to solve the task-resource scheduling problem that

minimized the resource and cost by applying algorithms for the sat-
isfiability problem (SAT).

In2013,S. Son et al. [37] proposed a Service Level Agreement (SLA)
based on cloud computing framework to facilitate resource allo-
cation considering the workload and geographical location of dis-
tributed data centers. This approach was suggested to tackle using
the automated SLA negotiation mechanism and a Workload and
Location-aware Resource Allocation scheme (WLARA) supports
providers in earning higher profits. In 2015, A. Singh and K. Dutta
[38], presented the resource allocation algorithm by Analytic Hier-
archy Process (AHP) with a pairwise comparison matrix technique.
This proposed technique made a better resource allocation than
other algorithms. In 2017, Ullah et al. [39] presented a real-time
resource usage prediction system which took real-time utilization of
resources and fed utilization values into several buffers based on the
resource types and time span size. Scheduling problem have been
also discussed in different contents as in Refs. [40-42].

2.2. Related Work about Bioinspired and
Meta-Heuristics Algorithms to Solve
Cloud Computing

The nature-inspired metaheuristics algorithms attempt to attain the
global optimal solution by examining the most suitable locations
in the search space domain, based on the natural mechanism. The
methods are different depending on type of algorithms, because
some algorithms are suitable in solving specific type of problems but
not suitable for others. This is due to the randomization or stochas-
tic strategies that are used in solving those NP-Hard problems.

There are many previous works had proposed many metaheuristic-
based approaches to scheduling workflow applications [43]. In
particular, Genetic Algorithms (GA) [44,45], Particle Swarm Opti-
mization (PSO) algorithms [46-49], Cuckoo Search (CS) algorithm
[50-54], and Ant Colony Optimization (ACO) algorithm [55-56]
have been used for scheduling workflows. For instance, Dasgupta
et al. [45] proposed GA which is a balance the load of the cloud and
minimizing the make span of a given tasks set. In 2010, S. Pandey
et al. [46] proposed a PSO based heuristic to schedule applications
to cloud resources that considers both computation cost and data
transmission cost.

In 2019, H. Saleh et al. [49] proposed a cloud task scheduling with
improved PSO (IPSO) algorithm that minimizes makespan and
uses the resources in the system to the best advantage for a large
number of tasks. T. P. Jacob and K. Pradeep [54] proposed hybrid
algorithm 1is called as, CS algorithm, and particle swarm opti-
mization (CPSO) for multi-objective-based task scheduling. They
focused on the comparison of processing in terms of minimization
of makespan, cost, and deadline violation rate in the heterogeneous
cloud environment.

Many researchers had proposed approaches using metaheuristic-
based to QoS-aware cloud service composition and cloud migration
problem. In 2010, W. Li and H. Yan -xiang [57] developed a Chaos
Particle Swarm Optimization (CPSM) method and provided a novel
selection algorithm based on global QoS optimizing to solve QoS-
aware service composition.
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In 2014, Wang et al. [58] presented a modified GA to support data-
intensive service composition. The research idea is to reduce the
cost of service composition that involves large amounts of data
transfer, data placement, and data storage.

In 2016, L. Wang and J. Shen [59] presented ant colony system
for the dynamic service composition problem multi-phase, multi-
party negotiation protocol. The ant colony system was applied
to select services with the best or near-optimal utility outputs.
Ferdaus et al. [60] proposed a novel ACO-based Migration impact-
aware Dynamic VM Consolidation (AMDVMC) algorithm in
order to solve the Multi-objective, Dynamic VM Consolidation
Problem (MDVCP) in computing clouds for minimizing data cen-
ter resource wastage, power consumption, and overall migration
overhead due to VM consolidation.

In 2019, S. K. Gavvala ef al. [61] proposed a novel Eagle Strategy
with Whale Optimization Algorithm (ESWOA) with eagle strategy
to balance the exploration and exploitation in QoS-aware Cloud
service composition.

2.3. Overview of the ABC Algorithm

ABC algorithm [1,2,62] is an optimization technique for finding an
optimal solution. It was inspired by the foraging behavior and col-
lective work of different kinds of bees. In a bee colony, there are
3 types of artificial bees: Scout bees with a duty to randomly search
for new food sources, Employed bees that go to the food sources and
come back to dance in the hive according to the position and the
amount of the food to Onlooker bees that are waiting in the hives,
and the last one is Onlooker bees that calculate the fitness value of
each food source and choose the optimal source for the Employed
bees to go to and collect the food.

If a food source was chosen and all the food was collected, the
Employed bees which are the owners of the food source will turn
into Scout bees and randomly search for new food sources again.
In nature, bees communicate the quality of food sources at a dance
floor. They dance a “Waggle Dance” to inform others about the
direction to go, the distance from a food source, and the amount of
honey of a food source. The Onlooker bees compare all of the food
sources and determine the best one. The steps in the ABC algorithm
are shown in Figure 1.

ABC algorithm was used in many fields such as job shop schedul-
ing [6,7], binary optimization [8-10], travelling salesman [11], dig-
ital signal processing [63], and so on. For example, Mizan et al. [18]
presented job scheduling in Hybrid cloud by modifying Bee Life
algorithm and Greedy algorithm to achieve an affirmative response
from the end users and utilize the resources. Accordingly, the objec-
tive of this study is to optimize task scheduling, resource alloca-
tion, and load balancing using applying Heuristic Task Scheduling
with Artificial Bee Colony (HABC) based on the proposed reducing
or minimizing makespan in cloud computing environment. This
research focused on both cases of homogeneous and heterogeneous
environments and investigated how efficient the HABC algorithm
performed when the tasks in the system were increased and the data
distribution was changed.

->I Random of food source position |<—

| Randotiily:ittili 2ediepopul ation Evaluate the fitness value of the food
source
Evaluate the fitness values of ]
3 Compare and update the new food
population e
¥ N
I Employed bee phase I‘ All employed bees?
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Figure 1 = Flowchart of Artificial Bee Colony (ABC) algorithm

3. LOAD BALANCING ALGORITHM
INSPIRED BY ARTIFICIAL BEE COLONY
AND HEURISTIC SCHEDULING
ALGORITHM

Cloud computing utilizes different resources depending on the
types of user’s request. Moreover, fulfilment of the request of ser-
vice depends on workload of servers. If a cloud system has an
efficient task scheduling, it will help reduce the makespan and bal-
ance the workload among the servers. In Ref. [19] and Ref. [20],
ABC algorithm was used to manage VMs scheduling in cloud com-
puting within a homogeneous environment. However, since the
specifications of current servers are very different, ABC algorithm
with heuristic task scheduling was also applied to a heterogeneous
environment in this study. The two goals of the proposed method
were to obtain a good workload balance for maximum productivity
and minimize total makespan. This section describes the heuristic
scheduling algorithm and the proposed scheduling algorithm.

3.1. Heuristic Scheduling Algorithm

Heuristic method is an approach to problem solving using rules
such as priority rule or using a random method to find an opti-
mal solution for a problem. A heuristic method may provide a
good result, but it cannot guarantee an optimal solution. Never-
theless, it is simple to use. A heuristic task scheduling with pri-
ority as a criterion for selecting a process in a system was used
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in this study because it is a basic method for scheduling tasks
[64,65]. We selected the following 3 simple priority criteria for
investigation [66]:

* First Come First Serve (FCFS): is a task scheduling scheme that
processes the first job that the user has requested first.

* Smallest Job First (SJF): is a task scheduling scheme that
processes with the smallest job first

+ Largest Job First (LJF): is a task scheduling scheme that
processes the largest job first.

3.2. Proposed Method

Let VM = {vmy,vmy,vms,...,vm,,}, variables used in this study
and their definitions derive from Table 1. Let the system be set to
run in an uninterruptible manner, i.e., nonpreemptive. Before the
ABC algorithm was run, the tasks were arranged into 3 different
arrangements by using the Heuristic algorithms. The best arrange-
ment would use the least computation time when the tasks were
processed by the ABC algorithm as mentioned above. The ABC
algorithm then scheduled the tasks to access the VMs in the follow-
ing steps:

1.  First step: the number of bees (n) in the population was speci-
fied. They were assigned randomly to go to all of the different
food sources (m) that represented the VMs and their fitness
values were calculated, therefore initializing the VMs as shown
in Algorithm 1.

n
STl
i= Y

Fi‘ _ i=1

i =
Evaluate capacity of VM; (Cj )

2

4. Update the fitness value
5. End For

3. Third step: the Employed bees have searched around for food
sources, they brought back information about the food sources
to the Onlooker bee. The Onlooker bee then recalculated
the fitness values of the food sources. The operation of the
onlooker bee is shown in Algorithm 3.

Algorithm 3: Onlooker bee phase

1. The onlooker bee chooses the first m food sources (VM) with the highest
fitness values and perform “Neighborhood Search” around the food sources
2. An nsp number of employed bees are sent to bring back new positions of
the first m food sources while a nep number of employed bees are sent to all
food sources to bring back new positions of these food sources; all of them
come back to relay the information to the onlooker bee

3. The onlooker bee calculates the new fitness values of the food sources
according to (3),

n
Zi:l Tl + Injength
fitij = (3)
Evaluate capacity of VM; (Cj>

where Inj, g4, is the length of the task that is waiting to access a VM at that
time

4. The onlooker bee chooses the best food source (VM) and assigns a task
to the VM

Algorithm 1: : Initialization

1.Fori=1ton
2. Send the population of bees into the system to find appropriate VMs by
Random search.
3. Calculate the fitness of each VM by using (1)
C] :PEJXMZJ‘l-BW] (1)

where j = index of the VM that the i bee found.
4. End For

2. Second step: a different default value was assigned to each
food source according to the specifications of the VM. Bees
were grouped into 3 types: Scout Bees, Employed Bees, and
Onlooker Bees. A Scout Bee found the initial position of
a food source. An Employed Bee went to the food source,
recalculated and updated the fitness value of food source. An
Onlooker Bee decided which food source was the best food
source. The operation of an employed bee is presented in
Algorithm 2.

Algorithm 2: Employed bee phase

1.Fori=1ton

2. Employed bees are sent randomly to food sources (VMs in cloud
computing).

3. Fitness of each VM is calculated based on (2)

4. Fourth step: the employed bee that was the owner of the best
food source was then transformed into a scout bee. The oper-
ation of a scout bee is shown in Algorithm 4.

Algorithm 4: Scout bee phase

1. If food source = null then

2. Send the previously transformed scout bee into the system to find an
appropriate VM by Random search.

3. Calculate the fitness value of that VM by using (1)

4. End If

5. Fifth step: the overall operation of HABC algorithm is
described in Algorithm 5.

Algorithm 5: Improved HABC Algorithm

Input: Dataset, Bee’s Parameters;

Output: Minimum makespan;

1. Initialize the individual in the population.

2. Set the default values of the food sources (VM) by using (2).
3. Initialization (Algorithm 1)

4. Repeat

5. Employed bee phase (Algorithm 2)

6. Onlooker bee phase (Algorithm 3)
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7. Calculate the load balance value of the system after task scheduling on
VMs. It is calculated by using Standard Deviation (S.D.) [67] as in (4)
and (5),

sD.=+| 13" (X )_()2 4
D=y =3 (%= (4)
Konax — Xomi
imbalance = —2&%X____ 1 (5)
Xavg

The processing time for each VM (Xj) is calculated according to (6),

k
Z,_ 1 task_length;
=== ©)
capacity;

The average processing time for running a VM in the system (X) is calcu-
lated according to (7),

n
Zj:l Xj

n

X= (7)
IfS.D. < X, it means that the system is in a balanced condition whereas if
S.D. < X, it means that the system is in a state of imbalance.

8. Scout bee phase (Algorithm 4)

9. Until (the termination condition is met)

Table 1 Variables used in this study and their definitions.

Symbol Definition

m The number of virtual machines
(VMs)

VM = {vm, VY, VM3, ..., vmm} The set of VM

K The total number of tasks the system
has to perform

Task = {t1,t2,t3, -, tx} The set of tasks

N The total number of bees performing
in the algorithmic procedure

C: The performance of the jth virtual

) machine

Pe The number of processors in the VM

Mi Million Instructions Per Second
(MIPS)

Bw Bandwidth of VM

F Fitness

Tl The length of task in MI*

Probability that the ith fo0d source is

good which depends on its fitness

15 value, p; = I\{;m&, where NS

Zi_ 1 fitness;

is the size of food sources

4. EXPERIMENTAL RESULTS

4.1. System Environment Parameter
Settings

The algorithms: HABC, ACO, PSO, and IPSO described were run
using CloudSim-3.0.1 [68,69] tools on a personal computer. The
experiments were performed on 10 data centers and 50 VMs. In the
experiments, we focused on both kinds of environments: homoge-
neous and heterogeneous environments in cloud computing.

For each VM in cloud computing within a homogeneous environ-
ment, the following parameters were set: Instructions Per Second in

millions (MIPS is a measurement of the processing speed of a com-
puter) of Processing Element (PE) were fixed at 9726; Number of PE
per VM was fixed at 1; and RAM used was fixed at 1024 Megabytes
(MB).

For each VM in cloud computing within a heterogeneous environ-
ment, the following parameters were set: MIPS were in the range of
5000-9726; Number of PE per VM was fixed at 2; RAM used was set
in the range of 512-4096 MB; and Bandwidth was set in the range
of 1000-10000.

4.2. The Datasets Used in the Experiments

To evaluate the effectiveness of the proposed approach, twelve
datasets, shown in Table 2, were used. Those datasets were of 4
types. The set D;-Dj of the first type was a set of random informa-
tion, i.e., there are no definite terms, no specific format, and no spe-
cific distribution of information. The set D,-Ds of the second type
was a set of random data with normal distribution. The set D;-Dq
of the third type was a set of random data with a Right-Skewed Dis-
tribution [70]. Lastly, the set D,,—D, of the fourth type was a set of
random data with a Left-Skewed Distribution. Each type of datasets
had a different range of job size and each dataset comprised a num-
ber of groups of 100, 200, 300, -+, 1500 submitted tasks.

4.3. Parameters Settings for the Proposed
Algorithm and the Comparing
Algorithms

In these experiments, we have determined the parameters of the
population and various conditions according to the related works,
which are referred to HABC [20], ACO [55,56], PSO [48], and IPSO
[49]. It is well known that these parameters are highly effect on the
algorithms. The determination of parameters is varied according
to the dimension of problems or characteristics. One reason that
we need tuning the parameters [20] is in order to get the suitable
parameters for the pattern of problems and datasets. However, we
do not claim that the proposed algorithm or the specified param-
eters outperform other algorithms for all types of problems and
datasets. Therefore, tuning parameters is the best way to get the suit-
able parameters to solve problems.

Table2 The datasets used in the experiments.

Type of Dataset Dataset Name Length of Task (MI?)
Random D, [5000, 20000]
D, [15000, 35000]
D, [25000, 45000]
Normal distribution Dy [5000, 20000]
Ds [15000, 35000]
Dg [25000, 45000]
Right-skewed D, [5000, 20000]
distribution® Dg [15000, 35000]
Dy [25000, 45000]
Left-skewed Do [5000, 20000]
distribution® Dy [15000, 35000]

Dy, (25000, 45000]

(a) Ml is Million Instruction. (b) Positively Skewed Curve. (c) Negatively Skewed Curve.
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The experiments had been performed to determine the optimal bee
parameters for the proposed algorithm [20] which are shown in
Table 3. In addition, the scheduling performance of the proposed
algorithm was also compared with those of ACO [55,56], PSO [48],
and IPSO [49] that used the parameter settings as shown in Table 3.

Those optimal settings were based on the original papers. The num-
ber of iterations that each algorithm would be run in the experiment
was 20.

4.4. Experimental Results and Discussions

In one of our previous papers [20], the performances of the pro-
posed algorithm in combination with 3 heuristics-HABC_FCEFS,
HABC_LJE and HABC_SJF-were compared with those of the
heuristics alone-FCFS, LJF, and SJE. The results of previous exper-
iments showed that when the largest job was considered first
(HABC_LJF), its scheduling performance was better than those of
HABC_FCFS and HABC_SJE.

The HABC_LJF also balanced the load of submitted tasks with
minimal makespan. In this paper, we used 2 VM environments:
heterogeneous and homogeneous to evaluate the performance
of HABC_LJF method on different datasets and to compare it
with other scheduling algorithms. The number of VMs was fixed
throughout the experiment but the number of tasks was increased
in 100 incremental steps from 100 to 1,500 tasks.

In the evaluation of the performance of HABC_LJF algorithm in
cloud computing, we divided our experiment into two parts. In
the first part, the datasets of various types as described in Table 3
were used. In the second part, the performance of the heuristic task
scheduling with ABC in terms of load imbalance was evaluated. In
the first part, the performance evaluation was performed on 4 cases
according to the type of datasets used. The following are the results
of the 4 cases for evaluation of the makespan.

Case 1: Random datasets

The makespan of HABC_LJF running on random datasets D;-D;
was compared with those of ACO, PSO, and IPSO algorithms.
The number of groups of submitted tasks was varied in each run
from 100 to 1500 submitted tasks in an increment of 100 tasks.
The average makespan for 300, 900, and 1,500 tasks in cloud com-
puting within homogeneous and heterogeneous environments are
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shown in Tables 4 and 5, respectively. Actually, a higher num-
ber of tasks were run but the results are not shown here due to
lack of space.

According to Table 4, HABC_LJF performed the best as the num-
ber of tasks was increased. Moreover, the minimum makespan, the
maximum makespan, and the average makespan, all three of them
were the lowest. The performance of HABC_LJF was outstanding
in the homogeneous environment.

In addition, in order to observe the effect of the range of job size
on performance scalability of the system, we evaluated the average
makespan with three datasets that had different ranges of job size
(D,-D3). The results show that the HABC_LJF algorithm also out-
performed the others for all size ranges tested in the homogeneous
environment.

The results for the average makespan of HABC_LJF algorithm and
the other algorithms with an increasing number of submitted tasks
in cloud computing within a heterogeneous environment when
used with random datasets are shown in Table 5. The performance
of HABC_LJF was the best because its minimum makespan, max-
imum makespan, and average makespan were mostly the lowest
in cloud computing within a heterogeneous environment. Further-
more, when datasets with different ranges of job size were used,
HABC_LJF still outperformed the others in the same way that it did
in homogeneous environment.

Case 2: Random data with a normal distribution

Table 6 shows the makespan of every algorithm tested with datasets
(D4-Dyg) : random datasets with normal distribution. The results
showed that the HABC_LJF used the lowest minimum makespan,
the lowest maximum makespan, and the lowest average makespan
than the other algorithms did in the homogeneous environment.

The makespan of the algorithms working within a heterogeneous
environment when random datasets with normal distribution were
used are shown in Table 7. The results show that for the datasets
that had different ranges of job size, HABC_LJF outperformed the
others in the same way as they did in a homogeneous environ-
ment except for the case of dataset D, and Dy. For the case of
dataset D, with the number of submitted tasks equaled to 900, the
ACO_LJF gave the lowest minimum makespan. Meanwhile, the Dy
dataset with 900 submitted tasks in which ACO_LJF used the low-
est minimum makespan and ACO_SJF used the lowest maximum

Table 3 The values of the parameters used in the proposed algorithm and in the other comparison algorithms.

HABC [20] ACO [55,56] PSO [48] IPSO [49]

Parameter Values Parameter Values Parameter Values Parameter Values
Number of scout bees (n) 960 Ants 50 Number of particles 100 Population size 100
Number of sites selected Maximum probability . .

out of n visited sites (m) 96 of trial 0.98 Weight (w) 0.9 Weight (Wiin> Wmax) 0.1, 0.9
Number of be.:st sites out of 1 Local segr'ch 0.01 Acceleration factor 1.49445 Acceleration factor 1.49445

m selected sites (e) probability (&) (Cy)
Number of bees recruited Acceleration factor Acceleration factor

for searching best e sites 768 Evaporation rate 0.01 1.49445 1.49445

(C) (C)

(nep)
Number of bees recruited Max number of Max number of

for searching other (m-e) 192 . . 1000 . . 1000 Maximum iterations 1000

. iterations iterations

selected sites (nsp)

Max number of iterations 1000 K 5

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO.



502 B. Kruekaew and W. Kimpan / International Journal of Computational Intelligence Systems 13(1) 496-510

Table4 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a homogeneous environment with datasets
D, - Ds.

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

D, 300  Min 8.623 9.600 9.023 9.982 25.982 25.030 25.707 29.578 27.448 27.979
Max 8.643 10.592 9.343 11.017 29.017 26.329 26.408 32.381 31.162 34.342

Avg 8.633 10.227 9.225 10.324 26.988 25.563 25.876 30.626 28.766 30.273
900  Min 25.015 26.352 25.739 26.702 83.733 81.206 83.467 107.237 103.885 105.384

Max 25.262 27.369 26.042 27.561 84.777 96.767 86.560 113.512 108.464 107.781
Avg 25.073 26.819 25.881 26.976 84.165 89.705 84.255 109.620 105.725 106.302
1500 Min 42.275 43.641 42.892 44.050 151.965 153.637 153.482 215.075 211.427 303.934

Max 42.614 45.020 43.523 45.058 164.660 156.171 157.010 229.624 315.327 319.373

Avg 42.409 44.233 43.228 44.641 158.947 154.736 154.529 222.093 262.953 310.891

D, 300  Min 16.308 18.685 18.036 19.148 36.465 32.567 33.462 37.476 35.041 37.075
Max 16.341 19.719 18.288 20.252 39.547 34.134 35.205 39.296 42.372 39.112

Avg 16.319 19.258 18.161 19.646 38.194 32.993 33.906 38.645 38.841 37.428
900  Min 48.340 50.969 50.150 51.526 108.373 105.943 106.805 129.830 128.848 127.957
Max 48.907 52.823 51.427 53.980 109.092 108.074 108.557 137.917 132.341 130.492
Avg 48.475 51.795 50.353 52.154 108.704 106.622 107.725 133.191 130.587 129.206
1500 Min 80.237 82.888 81.959 83.918 192.893 189.624 194.519 250.603 245.937 248.938

Max 81.623 84.951 83.743 86.442 193.491 192.754 198.249 263.329 256.496 254.803

Avg 80.516 84.122 82.818 85.263 193.206 191.226 196.048 255.369 251.500 251.033

D3 300 Min 22.229 25.645 24.983 26.244 40.877 38.553 39.606 45.246 45.293 46.121
Max 22.262 27.500 25.278 26.867 42.182 41.206 41.803 56.463 50.604 50.163

Avg 22.244 26.378 25.126 26.529 41.230 39.237 40.155 49.921 47.083 47.706

900  Min 67.077 70.642 70.006 71.203 127.109 125.271 125.686 158.775 158.025 160.241
Max 67.245 73.066 72.770 74.383 128.451 128.572 128.420 176.779 174.420 169.610
Avg 67.188 71.676 70.506 72.115 127.780 126.110 126.468 169.075 165.177 164.849
1500 Min 111.770 116.333 114.901 116.010 223.859 222.317 223.264 290.299 290.595 290.642
Max 112.050 119.118 118.887 119.478 227.468 225.851 225.024 304.952 289.595 300.847
Avg 111.870 117.533 116.918 118.256 225.457 223.576 224.219 296.090 293.595 294.004

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCES, First Come First Serve;
SJE, Smallest Job First; LJE, Largest Job First.

Table 5 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a heterogeneous environment with datasets
D, - Ds.

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCES PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

D, 300 Min 7.320 7.982 7.500 8.292 24.207 23.707 25.749 27.498 26.623 27.055
Max 7.368 9.803 8.181 9.925 27.171 24.370 26.155 30.966 29.537 27.616

Avg 7.345 8.817 7.765 9.086 25.610 23.996 26.007 28.792 27.144 27.322

900 Min 20.601 21.133 20.605 21.707 80.445 79.467 81.114 101.135 98.005 99.690

Max 20.865 23.311 21.808 22.592 82.856 81.043 88.297 106.207 111.467 101.623

Avg 20.715 22.256 20.941 22.146 81.698 79.943 82.409 102.858 100.261 100.695

1500 Min 34.213 34.976 34.218 35.310 148.688 148.288 148.757 216.645 213.903 219.464

Max 34.717 37.461 35.203 35.970 152.961 150.648 151.124 247.682 256.862 247.018

Avg 34.450 36.114 34.700 35.630 150.867 149.111 149.999 227.404 232.807 231.975

D, 300 Min 14.595 15.385 14.935 15.933 32.330 30.390 33.420 32.324 32.507 34.153
Max 14.687 18.406 15.641 17.333 36.045 30.760 33.823 34.935 34.675 35.080

Avg 14.615 16.978 15.316 16.839 33.353 30.545 33.666 33.442 33.155 34.533

900 Min 40.299 40.305 40.486 41.219 98.444 96.444 98.889 118.667 118.246 119.673

Max 40.706 44.432 41.102 43.978 101.081 97.356 100.745 131.408 123.997 124.640

Avg 40.439 42.816 40.821 42.402 99.779 96.823 99.582 124.194 119.795 121.197

1500 Min 65.784 66.160 66.063 66.240 175.483 175.397 169.006 229.331 230.574 233.232

Max 67.162 69.771 67.677 68.459 181.691 178.763 204.867 261.110 261.855 237.858

Avg 66.243 67.947 66.418 67.835 177.890 177.211 180.840 239.835 237.419 234.780

D3 300 Min 20.374 21.310 20.541 22.037 36.164 35.042 38.526 38.310 36.574 40.152
Max 20.595 25.453 21.479 23.777 41.005 35.376 39.248 42.268 39.352 40.698

Avg 20.412 23.130 21.084 22.705 38.605 35.183 38.678 39.821 38.069 40.422

900 Min 56.053 56.317 56.796 57.418 114.889 108.005 109.332 128.071 125.720 129.099

Aax 56.986 61.682 57.280 59.408 118.975 109.462 112.828 135.651 129.380 131.149

Avg 56.632 58.188 57.014 58.687 116.954 108.515 110.325 130.650 127.624 130.120

1500 Min 92.419 93.852 93.374 93.751 195.333 196.762 191.022 264.640 244.018 245.887

Max 92.945 96.593 93.358 94.951 222.115 219.735 195.878 316.860 278.675 251.534

Avg 92.624 95.327 93.005 94.492 205.862 207.061 192.619 285.370 256.390 248.354

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;
SJE Smallest Job First; LJE Largest Job First.
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Table 6 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a homogeneous environment with datasets
D, - Dg.

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

Dy 300 Min 8.575 9.883 9.111 10.170 25.540 24.501 25.472 29.994 28.758 28.635
Max 8.634 11.052 9.501 10.740 26.333 24.940 26.308 32.600 31.167 29.165

Avg 8.584 10.331 9.308 10.434 25.798 24.643 25.813 30.624 29.298 28.851

900 Min 25.582 27.020 26.319 27.101 82.715 81.997 84.421 110.198 107.394 107.813
Max 25.867 27.866 26.746 28.302 92.448 84.768 87.776 119.204 110.113 110.444
Avg 25.669 27.400 26.511 27.644 84.544 83.432 85.733 113.127 108.915 109.174
1500 Min 41.993 43.462 42.731 43.983 149.972 152.230 151.124 221.121 215.575 218.054

Max 42.246 44.370 44.234 44.703 157.576 154.169 161.643 233.171 220.500 221.989
Avg 42.140 43.799 43.177 44.364 152.614 153.111 153.875 225.417 217.941 219.824

Ds 300 Min 16.182 18.335 17.793 18.982 34.274 32.607 33.625 37.653 38.349 37.446
Max 16.215 20.528 19.076 20.624 35.227 34.275 34.922 42.583 40.628 37.899

Avg 16.194 19.098 18.004 19.429 34.484 32.893 33.952 40.022 38.938 37.747

900 Min 48.367 51.071 50.232 51.457 108.799 106.392 107.270 135.063 129.111 130.951

Max 48.499 52.978 51.790 54.115 118.703 108.260 108.692 138.506 134.602 134.658

Avg 48.404 52.034 50.572 52.473 110.707 107.140 107.825 136.418 132.357 132.098

1500 Min 80.594 83.666 82.612 83.878 193.607 192.516 192.841 258.106 252.917 254.743

Max 80.808 85.558 84.510 86.401 256.281 194.782 194.970 285.920 270.308 258.800

Avg 80.701 84.506 83.578 85.431 207.942 193.393 193.883 263.625 258.098 256.448

Dg 300 Min 22.266 25.403 24.843 26.012 40.675 38.361 39.239 45.958 45.530 44.446
Max 22.322 27.499 25.273 27.442 40.989 43.362 46.370 47.159 49.020 45.375

Avg 22.275 26.316 25.094 26.585 40.832 39.170 41.054 46.464 46.335 44.698

900 Min 66.586 70.473 69.570 70.620 125.921 123.478 123.851 151.630 150.560 149.820

Max 66.733 72.472 71.977 73.627 126.799 126.650 127.080 157.917 157.273 151.973

Avg 66.675 71.373 70.054 71.545 126.492 124.704 125.075 154.434 152.390 151.096

1500 Min 111.167 115.941 114.366 115.366 223.019 221.505 222.173 287.264 281.794 285.184

Max 111.508 117.362 117.450 118.750 226.545 259.360 224.472 297.683 292.236 293.692

Avg 111.291 116.548 116.070 117.391 224.414 238.211 223.379 291.949 288.023 287.741

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;
SJE, Smallest Job First; LJE, Largest Job First.

Table 7 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a heterogeneous environment with datasets
D, - Dg.

Dataset Task Variable HABC LJF ACO_FCFS ACO_LJF ACO_SJE PSO_FCFS PSO_LJF PSO_SJEF IPSO_FCES IPSO_LJF IPSO_SJF

Dy 300 Min 7.347 8.266 7.460 8.378 25.131 23.905 24.550 28.075 28.058 28.192
Max 7.536 9.874 7.993 9.678 27.318 25.652 25.811 33.277 29.661 30.436

Avg 7.429 9.157 7.711 9.006 25.850 24.791 24.849 30.191 28.811 28.953

900 Min 20.822 21.427 20.973 22.206 79.248 81.988 77.327 98.817 96.358 98.507

Max 21.869 23.342 21.397 23.313 81.374 85.940 78.608 103.967 98.902 101.255

Avg 21.215 22.360 21.226 22.597 80.299 84.128 77.870 100.968 97.827 99.515

1500 Min 33.862 34.144 33.987 34.943 141.381 140.255 140.594 199.534 195.573 197.259
Max 34.482 36.491 35.618 35.978 162.631 153.213 144.570 211.162 201.047 202.690

Avg 34.210 35.305 34.399 35.434 151.768 144.389 142.179 203.859 198.525 199.162

Ds 300 Min 14.211 14.876 14.837 16.105 25.131 23.905 24.550 33.591 32.701 34.567
Max 14.306 18.346 15.362 17.862 27.318 25.652 25.811 37.458 33.676 35.061

Avg 14.261 16.768 15.100 16.640 25.850 24.791 24.849 35.377 33.052 34.751

900 Min 40.087 41.393 40.543 41.148 79.248 81.988 77.327 116.100 114.003 117.011
Max 40.735 47.170 41.090 42.831 81.374 85.940 78.608 122.000 116.834 118.787

Avg 40.256 43.287 40.754 42.407 80.299 84.128 77.870 118.567 115.730 117.796

1500 Min 66.087 66.979 66.228 66.660 141.381 140.255 140.594 231.830 228.575 230.755

Max 66.948 70.342 67.070 72.701 162.631 153.213 144.570 242.655 233.695 235.654

Avg 66.407 68.998 66.679 68.511 151.768 144.389 142.179 236.277 231.274 233.031

Dg 300 Min 20.300 21.324 20.600 21.816 35.892 34.222 38.002 38.696 37.067 40.703
Max 20.606 25.610 21.514 23.305 39.573 34.525 38.280 43.352 38.837 41.195

Avg 20.412 23.303 21.077 22.851 37.991 34.350 38.112 40.338 38.347 40.964

900 Min 55.891 55.881 56.112 57.728 107.681 104.625 108.412 129.248 127.836 130.677

Max 56.877 60.508 56.811 59.122 109.710 106.115 110.034 135.833 131.669 132.884

Avg 56.185 58.464 56.507 58.322 108.418 105.422 108.966 131.469 129.420 131.899

1500 Min 92.022 93.339 92.170 93.697 188.914 188.526 190.508 251.495 249.411 250.938

Max 93.022 98.200 93.025 94.655 194.341 191.091 192.220 264.148 253.773 256.640

Avg 92.032 95.466 92.498 94.106 191.243 189.838 191.406 255.573 251.396 253.024

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;
SJE Smallest Job First; LJF, Largest Job First.
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makespan. However, this makespan was not very different from
that used by HABC_LJE. When the makespan for all cases were con-
sidered, HABC_LJF still outperformed the other algorithms.

Case 3: Random data with Right-Skewed Distribution

Tables 8 and 9 show the results obtained from using datasets
(D;-Dg)—random datasets with Right-Skewed Distribution—in
homogeneous and heterogeneous environments, respectively. The
experimental results indicate that HABC_LJF used the lowest min-
imum makespan, the lowest maximum makespan, and the lowest
average makespan than the other algorithms did in the homoge-
neous environment. The results were the same as in Case 1.

In the same direction, HABC_LJF outperformed the other two algo-
rithms in a heterogeneous environment except when Dy was used
with the number of submitted tasks equaled to 900 and 1500 tasks.
For the case of 900 tasks, ACO_FCEFS used the lowest minimum
makespan. For the case of 1500 tasks, ACO_LJF used the lowest
maximum makespan. Nevertheless, in both cases, the minimum
makespan used by ACO_FCEFS and ACO_LJF were not very differ-
ent from that used by HABC_LJFE Overall, HABC_LJF still outper-
formed them both.

Case 4: Random data with Left-Skewed Distribution

The makespan of HABC_LJF were compared with those of ACO,
PSO, and IPSO algorithms running on Left-Skewed Distribu-
tion (D,y-Dy,) datasets. Their minimum, maximum, and average
makespan in cloud computing within homogeneous and heteroge-
neous environments are shown in Tables 10 and 11, respectively.
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The results in Table 10 show that HABC_LJF outperformed the
other three algorithms in a homogeneous environment. The results
were the same as in other case.

In the same direction, HABC_LJF outperformed the other three
algorithms in a heterogeneous environment except for one case:
when using D;; dataset with 900 submitted tasks, the ACO_LJF
gave the lowest maximum makespan but this makespan was not
much different from that of HABC_LJE. When the makespan of
all cases were considered, the HABC_LJF still outperformed the
others.

In the second part, the performance of the HABC algorithm in
terms of load imbalance was evaluated. Unbalanced workload for
VMs can be avoided by balancing the workload during allocation.
The datasets of various types were used as described in Table 3. Four
cases of performance evaluation were considered according to the
type of datasets used. The number of groups of submitted tasks was
varied in each run from 100 to 1500 in an increment of 100 tasks.
Performance evaluation was also done separately for the homoge-
neous and heterogeneous VM environments to obtain the average
degree of load imbalance of 20 runs for each algorithm. The degrees
of load imbalance in cloud computing within the homogeneous
and heterogeneous environments are shown in Figures 2 and 3,
respectively.

As shown in Figure 2, in order to consider the effect of differ-
ent types of dataset on performance scalability of the system, we
evaluated the average degrees of load imbalance with four datasets
of different types: D;, Dy, Dy, and Dj,. The results show that

Table 8 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a homogeneous environment with datasets

D; - Ds.
Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJE ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCES IPSO_LJF IPSO_SJF
D, 300 Min 8.173 9.523 8.788 9.600 25399 24.606  25.048 28.675 28.359 28.078
Max 8.248 10.350 9.068 10213 25589 24846  26.086 29.708 30.863 28.928

Avg 8.211 9.951 8.950 9.904 25524 24696  25.554 29.090 29.149 28515

900 Min 23.742 25.072 24179 25155  83.196  81.680 ~ 81.820 106287 104397  105.338

Max 24.130 26.153 24727 26494  83.696 82620 83303 110536  106.107  109.230

Avg 23.874 25.520 24384 25640 83526 82159 82205  107.879 105350  106.786

1500 Min 39.575 41.225 40088 41291  151.844 149901 150912  227.688 211238  214.100

Max 39.866 42.121 40807 42272 152875 152081 152960  239.956  228.046  230.281

Avg 39.679 41,569 40433 41.866 152226  151.149  152.024 232735 216979  224.078

Dy 300 Min 14.604 16.839 16258 17553 32,596 32379 23.083 37.881 37.521 36.366
Max 14.622 19.080 16541 18576 33470 34339  23.167 39.898 38.762 37.016

Avg 14.613 17.792 16406 17.829  32.839 33012  23.097 38.637 37.980 36.641

900 Min 44.195 46.969 45842 47344 107407 106832  67.939 132910 131491  130.931

Max 44.310 48.608 47310 49.409 121232 107571 68224 139303 135710  132.904

Avg 44234 47.815 46.140  48.094 115012  107.174  68.018 135926 133278  131.848

1500 Min 73.733 77.107 75205 76916 193523  189.848 113247 248315 245764 248212

Max 75.611 78.529 77.193  78.873  201.949 192243 113367  260.620  252.230  253.200

Avg 74.095 77.772 76394 78122 197262  191.025 113305  253.714  249.900  250.838

Dy 300 Min 20.098 23.697 22668  23.842 38213 36604  37.460 43.877 43.646 42.599
Max 20.174 24.954 23.046  24.824 38548 36794  37.628 45.133 47313 43.088

Avg 20.126 24223 22818 24297 38421 36713  37.548 44.439 44.296 42.790

900 Min 60.023 63.854 62451 64003 120953 118471 89919 145600 146591  141.441

Max 60.302 66.557 64231 67714  121.867 119243 97388  149.600  170.342  161.315

Avg 60.181 64.803 62795 64750 121292  118.856  92.890  146.600  152.863  150.354

1500 Min 99.961 104231 102.648  104.687 214429  213.021  177.504 278953  268.821  267.217

Max 100364  106.827 105310  107.602  217.676 244700  203.813  309.324 323782 283917

Avg 100.160 105578 104546 106389 215562 224760  190.212 291425 286531  274.623

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCES, First Come First Serve;

SJE Smallest Job First; LJE Largest Job First.
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Table9 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a heterogeneous environment with datasets
D; - Dy.

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

D 300 Min 7.157 7.739 7.289 8.396 24.196 22.050 24.566 26.869 26.160 26.898
Max 7.173 8.962 7.622 9.255 27.089 22.625 24.966 35.178 26.884 27.933

Avg 7.160 8.500 7.444 8.802 25.044 22.279 24.726 29.741 26.446 27.167

900 Min 19.203 20.137 19.238 20.553 78.132 72.733 76.368 98.286 97.163 98.379

Max 19.441 21.740 19.828 21.508 107.029 73.530 77.370 104.773 99.165 100.482

Avg 19.333 20.989 19.542 20.926 86.726 73.098 76.781 100.391 98.151 99.511
1500 Min 31.908 32.734 31.960 33.023 134.903 137.902 138.639 202.683 199.200 200.864

Max 32.326 34.789 32.494 35.537 150.393 140.233 141.081 214.879 204.439 206.623

Avg 32.045 33.630 32.307 33.614 139.391 139.147 139.769 206.454 201.669 203.649

Dg 300 Min 12.967 14.688 13.103 15.059 29.644 27.963 31.369 32.367 31.856 33.968
Max 13.041 16.495 14.136 16.599 32.058 28.574 31.682 34.567 32.874 37.191

Avg 12.994 15.451 13.617 15.689 30.879 28.262 31.464 33.658 32.236 34.868

900 Min 36.784 37.921 37.188 38.609 90.470 88.877 95.021 113.357 111.705 113.662
Max 37.245 41.936 37.716 40.397 93.650 91.074 113.524 117.442 113.933 116.047

Avg 36.984 39.784 37.400 39.208 91.836 89.756 102.922 115.047 112.727 114.897

1500 Min 60.618 61.338 60.874 62.194 163.189 162.642 165.601 225.678 223.370 225.126

Max 60.920 66.208 61.390 63.100 167.998 165.742 177.877 235.020 228.155 230.726

Avg 60.728 63.599 61.113 62.608 166.105 163.988 171.501 229.573 225.446 227.433

Dy 300 Min 18.040 20.069 18.699 20.497 35.894 32.684 36.773 38.833 36.874 39.586
Max 18.094 21.962 19.877 21.893 37.445 33.098 37.211 40.411 37.782 40.017

Avg 18.051 20.827 19.253 21.114 36.423 32.913 36.958 39.699 37.208 39.750

900 Min 50.580 50.090 50.979 52.478 103.374 99.892 103.903 126.204 124.505 127.557

Max 50.879 54.592 51.889 53.356 104.394 101.280 104.900 131.245 127.389 130.504

Avg 50.670 52.765 51.231 52.859 103.951 100.736 104.504 128.347 125.549 128.516

1500 Min 82.976 83.644 83.184 84.285 182.045 180.425 182.410 243.361 241.335 243.867

Max 84.526 90.443 83.923 85.677 187.234 184.087 184.573 255.820 246.441 249.162

Avg 83.412 85.631 83.573 84.847 183.959 181.961 183.547 247.869 243.910 245.499

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;
SJF, Smallest Job First; LJF, Largest Job First.

Table 10 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a homogeneous environment with datasets
Djg - Dya.

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJE PSO_FCFS PSO_LJF PSO_SJF IPSO_FCES IPSO_LJF IPSO_SJF

Dy 300 Min 9.840 11.152 10.554 11.320 31.987 27.146 28.775 29.970 29.706 30.153
Max 9.943 12.283 10.891 12.288 36.282 28.566 29.783 34.790 31.869 32.929

Avg 9.857 11.583 10.739 11.773 34.396 28.004 29.273 31.175 30.264 31.182

900 Min 29.170 30.798 29.866 30.870 96.423 89.398 91.702 110.496 108.828 109.847

Max 29.390 31.637 30.393 31.946 101.850 97.457 107.651 114.164 112.227 125.505

Avg 29.284 31.287 30.171 31.318 98.688 93.432 99.153 111.847 110.056 114.298

1500 Min 48.753 50.840 49.349 51.067 168.387 170.806 171.145 236.442 216.480 217.155

Max 49.059 51.677 50.318 51.767 175.637 180.935 180.160 261.561 245.113 256.378

Avg 48.904 51.238 49.811 51.375 172.856 175.650 175.458 246.532 225.088 224.397

Dy 300 Min 17.111 19.555 18.880 20.020 37.320 34.579 34.573 38.583 37.057 37.894
Max 17.142 20.752 19.158 21.054 38.739 40.478 35.841 40.244 41.899 38.477

Avg 17.124 20.208 19.026 20.398 38.062 36.998 35.571 39.567 39.499 38.056

900 Min 51.537 54.776 53.445 54.654 115.854 109.765 111.203 131.665 129.210 131.846

Max 51.832 56.250 54.977 57.353 117.708 110.733 112.638 149.719 146.301 153.488

Avg 51.637 55.537 53.830 55.320 116.586 110.284 111.802 136.028 134.417 138.309

1500 Min 85.919 89.375 88.298 89.697 215.555 196.344 199.781 262.457 261.945 261.034

Max 86.397 90.958 89.611 91.721 238.502 201.305 200.884 324.247 278.191 284.655

Avg 86.059 90.182 89.136 90.462 224.720 199.123 200.360 332.678 265.998 269.802

Dy, 300 Min 22.244 25.945 24.950 26.195 40.482 40.616 39.496 46.954 45.572 44.392
Max 22.371 27.360 25.323 27.377 40.875 43.034 40.046 56.344 50.751 50.231

Avg 22.274 26.432 25.186 26.673 40.662 42.176 39.677 49.659 47.707 46.474

900 Min 67.354 70.989 70.207 71.414 129.654 127.078 126.089 149.600 149.927 153.897

Max 67.617 73.371 72.689 75.204 130.476 135.066 128.023 178.262 182.307 171.051

Avg 67.514 72.282 70.634 72.271 130.069 131.126 126.724 159.679 158.755 159.720

1500 Min 112.013 117.006 115.147 116.653 239.050 222.857 223.367 287.868 285.495 286.239

Max 112.415 118.822 117.796 119.924 256.957 227.268 226.719 298.553 290.658 291.120

Avg 112.265 117.840 117.247 118.586 246.514 224.318 225.411 292.954 288.298 288.380

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;
SJE Smallest Job First; LJF, Largest Job First.
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Table 11 The comparison of the average makespan of the systems with HABC, ACO, PSO, and IPSO in a heterogeneous environment with datasets
Do - Dy

Dataset Task Variable HABC_LJF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF IPSO_FCFS IPSO_LJF IPSO_SJF

Dy 300 Min 8.570 9.211 8.997 9.416 25.328 23.257 25.216 34.267 33.909 34.000
Max 8.594 10.540 9.871 10.670 26.559 24.303 25.566 37.286 35.337 38.069

Avg 8.579 9.945 9.332 10.127 25.791 23.569 25.368 35.458 34.199 36.175

900 Min 23.705 24.778 24.090 25.086 79.953 77.752 79.527 134.436 122.920 106.875

Max 23.857 26.676 24.448 26.233 80.804 79.033 80.539 149.669 136.827 132.263

Avg 23.765 25.765 24.271 25.683 80.418 78.358 80.107 137.860 132.622 121.142

1500 Min 39.475 40.010 39.631 40.767 145.304 143.807 145.584 208.322 204.563 207.098

Max 40.476 42.386 40.197 43.376 148.738 146.613 150.235 217.963 210.574 212.015

Avg 39.875 41.147 39.977 41.198 146.693 145.407 147.045 211.902 207.255 209.350

Dy 300 Min 15.339 16.487 15.730 16.377 31.885 29.381 32.504 37.556 36.849 37.450
Max 15.431 18.755 16.581 18.339 34.454 29.743 33.134 47.160 38.005 40.015

Avg 15.369 17.386 16.103 17.536 32.801 29.597 32.665 39.769 37.318 38.043

900 Min 42.742 43.518 43.238 44.708 96.971 94.199 97.169 130.707 130.652 131.525

Max 43.858 47.344 43.846 46.198 98.603 95.061 97.939 137.456 135.611 135.364

Avg 42.869 45.593 43.540 45.321 97.502 94.616 97.492 133.879 131.903 133.123

1500 Min 70.269 71.839 70.801 72.098 172.093 170.612 171.553 240.058 295.388 304.815

Max 70.547 75.895 72.058 73.386 175.863 172.934 173.107 319.583 314.065 314.763

Avg 70.383 73.419 71.294 72.809 173.570 171.435 172.327 303.582 306.437 308.351

Dy, 300 Min 20.479 22.064 20.784 22.039 37.282 34.274 38.110 39.859 36.214 40.114
Max 20.554 24.029 21.434 23.901 39.306 34.794 38.501 42.938 39.384 46.617

Avg 20.504 22.897 21.048 22.927 37.732 34.544 38.310 40.846 37.953 42.435

900 Min 56.622 56.887 56.785 57.182 108.605 105.402 109.153 129.440 126.990 130.697

Max 56.770 63.778 57.721 60.232 110.586 106.888 110.214 135.108 129.848 132.790

Avg 56.673 59.780 57.240 58.976 109.669 106.044 109.677 131.548 128.587 131.451

1500 Min 92.805 94.120 93.016 94.593 190.609 189.282 190.582 250.071 246.614 340.863

Max 93.225 98.253 93.849 95.619 194.868 192.231 192.333 263.459 350.374 356.086

Avg 92.951 96.197 93.379 95.041 192.957 190.811 191.589 256.314 297.956 347.719

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCES, First Come First Serve;
SJE, Smallest Job First; LJE, Largest Job First.
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Figure2 Degrees of load imbalance in a homogeneous environment when Heuristic Task Scheduling with Artificial
Bee Colony (HABC), Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), and improved PSO
(IPSO) were used with (a) datasets Dy - Random dataset, (b) datasets D4 - Normal distribution dataset, (c) datasets
D7 - Random dataset with left-skewed distribution, (d) datasets D - Random dataset with right-skewed distribution.
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the HABC algorithm (HABC_FCFS, HABC_LJF, HABC_SJF) per-
formed lower average degrees of load imbalance than any of the
compared algorithms (PSO and ACO algorithms) in the homoge-
neous environment.

In the same direction, the results in Figure 3 showed that the HABC
algorithm (HABC_FCFS, HABC_LJE HABC_SJF) outperformed
the other two algorithms in the heterogeneous environment.

In the third part, the performance of the HABC algorithm in terms
of Standard Deviation (S.D.) was evaluated. In order to ensure that
the tasks are equally distributed into VMs and the system is bal-
anced workload.

We evaluated the S.D. with dataset D, in Table 3. The number of
groups of submitted tasks was varied in each run from 100 to 1500
submitted tasks in an increment of 100 tasks. The S.D. for 300, 600,
900, 1200, and 1500 tasks in cloud computing within homogeneous
and heterogeneous environments are shown in Tables 12 and 13,
respectively. Table 12 shows the S.D. of all tested algorithms with
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datasets (D,) in homogeneous environment. The results show that
HABC algorithm has less S.D. values than other methods. In the
same direction of heterogeneous environment in Table 13.

The result of the experiment indicated that the makespan and the
degree of imbalance are slight difference. On the other hand, if
considered the performance measurement using S.D. between the
HABC algorithm and ACO algorithm are very different. The results
show that HABC algorithm highly enhanced the S.D. compared
to the other algorithms in cloud computing within homogeneous
and heterogeneous environments. The goal is to achieve a balance
between the resources in the system and to minimize the makespan
time.

To summarize, even though all of the presented algorithms utilize
a similar scheduling process based on a heuristic method. When
they were compared, the HABC algorithm was able to show a bet-
ter performance than those shown by ACO, PSO, and IPSO algo-
rithms, especially in the case of using large job submitting first

s
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Figure 3 Degrees of load imbalance in a heterogeneous environment when Heuristic Task Scheduling with
Artificial Bee Colony (HABC), Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), and
improved PSO (IPSO) were used with (a) datasets D - Random dataset, (b) datasets D4 - Normal distribution
dataset, (c) datasets D - Random dataset with left-skewed distribution, (d) datasets D} - Random dataset with

right-skewed distribution.

Table 12 The comparison of Standard Deviation with HABC, ACO, PSO, and IPSO in a homogeneous environment with datasets D;.

Number HABC HABC HABC IPSO

of Tasks ECES LJF SIF ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF ECES IPSO_LJF IPSO_SJF
300 0.12 0.06 0.09 1.09 1.01 1.12 0.51 0.38 0.46 0.21 0.14 0.16
600 0.11 0.05 0.08 2.07 2.03 2.09 0.51 0.38 0.45 0.21 0.14 0.15
900 0.09 0.04 0.07 3.02 2.99 3.04 0.48 0.37 0.44 0.18 0.13 0.14
1200 0.08 0.04 0.08 4.08 4.06 4.1 0.49 0.37 0.45 0.19 0.13 0.15
1500 0.09 0.07 0.09 5.05 5.03 5.06 0.52 0.36 0.44 0.22 0.12 0.14

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;

SJE Smallest Job First; LJE, Largest Job First.
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Table 13 The comparison of standard deviation with HABC, ACO, PSO, and IPSO in a heterogeneous environment with datasets D;.

Number HABC HABC HABC IPSO

of Tasks ECES LJF SJE ACO_FCFS ACO_LJF ACO_SJF PSO_FCFS PSO_LJF PSO_SJF ECES IPSO_LJF IPSO_SJF
300 0.16 0.12 0.14 0.71 0.63 0.74 0.86 0.52 1.18 0.41 0.22 0.48
600 0.17 0.09 0.15 1.32 1.27 1.33 0.89 0.55 1.29 0.44 0.25 0.59
900 0.15 0.12 0.13 1.93 1.89 1.9 0.94 0.52 1.26 0.49 0.22 0.56
1200 0.17 0.13 0.12 2.57 2.56 2.59 0.87 0.53 1.03 0.42 0.23 0.33
1500 0.16 0.11 0.13 3.19 3.17 3.2 0.82 0.65 0.73 0.37 0.25 0.23

HABC, Heuristic Task Scheduling with Artificial Bee Colony; ACO, Ant Colony Optimization; PSO, Particle Swarm Optimization; IPSO, improved PSO; FCFS, First Come First Serve;

SJE, Smallest Job First; LJE, Largest Job First.

(HABC_LJF). Moreover, the system still balanced the load of sub-
mitting tasks adequately with minimum makespan.

5. CONCLUSION

In this paper, to improve task scheduling and load balancing, an
algorithm for VMs in cloud computing based on heuristic task
scheduling called HABC for VMs in cloud computing within both
homogeneous and heterogeneous environments is proposed. The
HABC was implemented on a cloud computing model in order to
optimize the process of task scheduling and load balancing of vol-
umes of data. A detailed comparison between the performances
of the proposed method and other compared algorithms including
ACO algorithms, PSO algorithms, and improved PSO algorithms is
also presented.

The experiments were conducted with four types of datasets in
order to measure the performance of our algorithm in terms of
minimum makespan, maximum makespan, average makespan, and
degree of load imbalance. The results show that the HABC with
Largest Job First heuristic algorithm (HABC_LJF) offers the best
performance in scheduling and load balancing.

This novel-proposed approach can serve as a useful alternative for
cloud computing within homogeneous and heterogeneous environ-
ments. However, this work was a simulation on a few datasets. In
future works, we will further conduct similar experiments on larger
datasets. We plan to apply this HABC method in other practical
applications to real-world datasets and will explore the possibility of
HABC to handle multiple job scheduling with different priorities.
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ABSTRACT Workload balancing in cloud computing is still challenging problem, especially in Infras-
tructure as a Service (IaaS) in the cloud model. A problem that should not occur during cloud access is
a host or server being overloaded or underloaded, which may affect the processing time or may result in a
system crash. Therefore, to prevent these problems, an appropriate schedule of access should be considered
so that the system can distribute tasks across all available resources, which is called load balancing. The
load balancing technique should ensure that all Virtual Machines (VMs) are used appropriately. In this
paper, an independent task scheduling approach in cloud computing is proposed using a Multi-objective
task scheduling optimization based on the Artificial Bee Colony Algorithm (ABC) with a Q-learning
algorithm,which is a reinforcement learning technique that helps the ABC algorithm work faster, called the
MOABCQ method. The proposed method aims to optimize scheduling and resource utilization, maximize
VM throughput, and create load balancing between VMs based on makespan, cost, and resource utilization,
which are limitations of concurrent considerations. Performance analysis of the proposed method was
compared using CloudSim with the existing load balancing and scheduling algorithms: Max-Min, FCFS,
HABC_LIJF, Q-learning, MOPSO, and MOCS algorithms in three datasets: Random, Google Cloud Jobs
(GoClJ), and Synthetic workload. The experimental results indicated that the algorithms used MOABCQ
approach outperformed the other algorithms in terms of reducing makespan, reducing cost, reducing degree
of imbalance, increasing throughput and average resource utilization.

INDEX TERMS Cloud computing, hybrid artificial bee colony algorithm, multi-objective task, Q-learning,

task scheduling.

I. INTRODUCTION

Recently, cloud computing has played an important role in
many organizations. Cloud computing started out to provide
of users requirements for accessing resource computing or
to enable users to purchase cloud services as required within
the concept of on-demand resource sharing through highly
internet-based applications. Cloud computing can also pro-
cess many different services depending on the service and
working platforms that are needed by the users [1]. Cloud
computing is a combination of distributed and parallel com-
puting with the sharing of resources such as software and
hardware that will be utilized as ‘““pay-as-you-go” [2]. To use

The associate editor coordinating the review of this manuscript and
approving it for publication was Gerard P. Parr.

it, users do not need to purchase any platform or software;
they only have an internet connection to access and pay for
their usage.

Infrastructure as a Service (IaaS) is one of the technology
models behind the management of servers, data centers, and
Virtual Machines (VMs). IaaS is a cloud service that provides
a cloud computer or server for processing and storing data in
the cloud. Users can run any operating system or application
on a rental server free of maintenance and operating costs of
hardware. Since the cloud infrastructure is run on VMs, IaaS
has another advantage, including providing the access of the
user to the servers in nearby locations. This service depends
on the needs of the user, called Quality of Service (QoS)
and Service Level Agreements (SLAs). The payment for the
services depends on the agreement between the user and

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
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FIGURE 1. Cloud resource management framework.

the Cloud Service Providers (CSPs) [3]. Moreover, Cloud
computing enables CSPs to provide data centers with high-
performance computing resources to support users accessing
cloud services.

A VM consumes the resources of the host machine: RAM,
hard disk, or CPU. The resources on the VM are required by
the requested resource for operation. As a result, the cloud
network has an unequal resource distribution, and some VMs
may not access the resources they require because many
VMs have preemptive and non-preemptive connections to
resources [4].

When a task is sent off to be processed in the cloud,
the VM should be able to operate quickly to reduce wait-
ing time. However, tasks should be distributed among all
VMs in parallel to balance the system and ensure efficient
use of available resources. For this reason, task scheduling
to be assigned and distributed across existing resources is
necessary. When multiple tasks are assigned to one VM or
multiple VMs, the assigned tasks will run concurrently to
complete the assignments. Therefore, the assignment must
be ensured that not all tasks are loaded on only a single
VM, which will cause other VMs to become inaccessible
or imbalanced in the system. To avoid this, other conditions
must be considered in scheduling, such as makespan, cost,
and resource utilization. Several researchers have proposed
ideas to manage load balancing in both heterogeneous [5] and
homogeneous environments [6]. The main goal of allocating
tasksof a system in a load balance state is to optimize the
distribution of tasks across existing resources and to reduce
the system processing time.
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The cloud resource management framework is shown in
Fig. 1. When a user submits a request into the system, the task
is passed to the cloud broker, which is the main objective that
researchers should focus on providing effective algorithms.
The proposed method should efficiently submit tasks to the
appropriate VM by the user depending on the required param-
eters, such as the deadline or other requirements. It must
ensure that the user submitted the requests that are fulfilled
in accordance with the requirements specified in the SLA
document. Users make their requests over the internet, and
the requests are stored in VMs. Then, the CSPs deliver
QoS-based queries to ensure that the requests of the user
can be processed as intended. This process depends on the
performance of the scheduling policy (Data Broker). In this
step, the workload balance must be adjusted between the
machine and the server. Cloud computing depends highly
on Virtual Machine Monitor (VMM) or hypervisors. Hyper-
visors help operate multiple VMs in the same hardware
layer [7]. VMware is one of the most famous software
services efficiently used for managing server resources in
organizations. Even though virtualization plays an important
role in cloud technology, problems still often arise, such
as improper scheduling or handing over tasks to VMs that
cannot meet the requests. To solve this problem, scheduling
and load balancing between nodes in cloud computing should
be implemented to optimize resource utilization. Scheduling
and load balancing between nodes also resulted in a reduction
in processing time and an imbalance in the system.

Task allocation to match the right resource, such as
time, cost, and success rate, must be considered in cloud
computing. Many studies have discussed scheduling or
optimizing resources in the cloud by single or bi-objective
optimization of QoS parameters [8]-[10], and several arti-
cles have discussed multi-objective optimization [11]. Exam-
ples of algorithms that were used to increase the efficiency
of on-demand tasks such as Particle Swarm Optimization
(PSO) [12], [13], Genetic Algorithm (GA) [14], niched Pareto
genetic algorithm (NPGA) [15], and strength Pareto evolu-
tionary algorithm (SPEA) [16].

The Artificial Bee Colony (ABC) algorithm is a meta-
heuristic method used to solve problems and find solutions
for an optimization answer that is close to the appropriate
value developed by Karaboga [17], [18]. The ABC algorithm
mimics the foraging behavior of bee colonies, which require
adaptation to habitat and food environments. Several studies
have demonstrated the effectiveness of the ABC algorithm in
solving problems such as traveling salesman problem [19],
and job shop scheduling problems [20]. The ABC algorithm
works in a strategy similar to Reinforcement Learning (RL)
with environment-based learning, which derives from obser-
vation to predict or decide a good solution. Agents learn how
to behave in an environment by taking action and then observ-
ing the results for themselves. In this research, we use the
Q-learning algorithm to help the system make predictions and
decisions about choosing the appropriate schedule. There-
fore, we propose a multi-objective optimization-scheduling
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model using the ABC algorithm and Q-learning (MOABCQ)
method for solving the scheduling problem in a cloud com-
puting environment. The paper focuses on developing a
multi-objective scheduling approach to optimize job schedul-
ing with the goal of minimizing makespan, cost, and simulta-
neous use of resources, also considering the load balance of
the system.

The main contributions of the proposed method can be
described as follows:

e Formulate mathematical models for -calculating
resource utilization, makespan and cost for scheduling
problems in cloud computing.

e Propose a multi-objective optimization scheduling
model. This model consists of 3 objective functions
defined as 1) execution time, 2) cost, and 3) utilization
of resources. These are constraints in the proper task
scheduling and the load balancing of the system.

e Propose a new approachthat is multi-objective opti-
mization for the task scheduling problem using
the Artificial Bee Colony algorithm (ABC) adapted
with the implementation of the Q-learning algorithm,
namely, MOABCQ, to optimize the multi-objective
scheduling problem in cloud computing and to reduce
the makespan, cost, and simultaneous use of resources.
This new proposed method is combined with the First
Come First Serve (FCFS) heuristic task scheduling
called “MOABCQ_FCFS” and Largest Job First (LJF)
heuristic task scheduling called “MOABCQ_LJF”.

e Performance evaluation of our proposed method exam-
ined through CloudSim simulation. In this paper,
we improved the classical Q-learning algorithm for
load balancing in the cloud environment by combining
it with ABC. This idea can improve the convergence
rate, gain efficiency in load balancing, determine indi-
vidual VM loads, and balance them through the fitness
function.

e The proposed method was compared with other
optimization algorithms, such as: First Come First
Serve (FCFS) algorithm, Max-Min algorithm, Heuris-
tic Task Scheduling with ABC with Largest Job
First algorithm (HABC_LJF), Q-learning algorithm,
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multi-objective Particle Swarm Optimization (MOPSO)
algorithm, and multi-objective Cuckoo Search (MOCS)
algorithm. The three datasets used in this study are
Random, Google Cloud Jobs (GoCJ), and Synthetic
workload to observe in terms of makespan, cost, Aver-
age Resource Utilization Ratio (ARUR), throughput,
and Degree of Imbalance (DI).

The rest of this article is structured as follows: Section II
discusses the literature review. In Section III, the problem
definition and formulation of the objective function will be
described. The hybrid ABC algorithm for load balancing is
presented in Section IV. In Section V, experimental evalua-
tion and discussion will be explained, and finally, Section VI
presents conclusions and future work.

II. LITERATURE REVIEW

Optimizing task scheduling and load balancing in cloud com-
puting environments is known as an NP-hard problem [21].
Many studies have proposed optimization algorithms in cloud
environment in various aspects, such as resource allocation,
scheduling and load balancing procedures to reduce uptime,
and system power consumption. In terms of efficient use of
existing resources or fast processing, we need to consider an
idea in scheduling multiple objectives or cloud environments.

Therefore, many ideas have been proposed using heuris-
tic algorithms [22]-[29], meta-heuristic algorithm [30]-[37],
hybrid meta-heuristic algorithm [14], [38], or even machine
learning methods [39]—-[41] to solve task scheduling and load
balancing problems in the cloud computing environment. The
related works are described as follows:

Many studies have used a heuristic algorithm to solve
problems in a cloud computing environment. For example,
A Max-Min based task scheduling algorithm was proposed by
Mao et al. [22] to balance the load in the cloud and to predict
the execution time of tasks. Then, the tasks were submitted
to the VM based on their proposed Max-Min algorithm.
The VM utilized more resources and decreased response
time. Patel et al. [24] proposed an Enhanced Load balanced
Min-Min (ELBMM) algorithm for static task scheduling.
Jobs were assigned to VMs based on execution time, and the
tasks were rescheduled to distribute to resources that idle.

Zhang et al. [25] studied the application of heuristic
algorithms in cloud scheduling problems. They proposed a
method for scheduling tasks to minimize the task comple-
tion time and execution cost (MCTE) in a smart grid-cloud
system. Then, they performed mathematical modeling for the
grid-cloud task scheduling problem.

Hussain et al. [26] proposed a resource-aware load-
balancing algorithm (RALBA), which is a dynamic schedul-
ing technique that maps independent and non-preemptive
tasks to VMs. The process consisted of 2 parts. The
first part was selecting the maximum size for the VM
with the highest computational share. The second part was
mapping the remaining tasks to the fastest working VM
to perform. The results showed that RALBA was able to
reduce makespan. However, there were some problems with

17805



IEEE Access

B. Kruekaew, W. Kimpan: Multi-Objective Task Scheduling Optimization for Load Balancing in Cloud Computing Environment

load imbalance and reducing resource utilization. The load
balancing approach was proposed to be modified using soft
computing-based stochastic hill climbing based on load bal-
ancing by Mondal ez al. [27].

A dynamic multi-workflow scheduling algorithm named
the competent dynamic multi-workflow scheduling
(CDMWS) algorithm was proposed by Adhikari and
Koley [28]. This method aimed to improve CPU utilization,
reduce makespan, and improve the makespan-deadline meet-
ing ratio. This method was classified into 2 parts. The first
part served to estimate the processing time for each task based
on deadline and task dependencies. The second part was
responsible for allocating VMs to reduce power consumption
and increase resource utilization. The experiments showed
that CDMWS outperformed the Enriched Workflow Schedul-
ing Algorithm (EWSA) and Round Robin (RR) algorithm.

Efficient resource allocation with a focus on solving
energy efficiency problems using the multi-objective opti-
mization (MOO) method was discussed by Shrimali and
Patel [29]. A VM allocation approach has also been proposed
using MOO. According to the experimental results, MOO led
to energy savings due to the efficient allocation of resources
without affecting the performance of the data center.

Many studies have used a meta-heuristic algorithm and a
hybrid meta-heuristic algorithm to solve problems in a cloud
computing environment. For example, Tawfeek et al. [35] dis-
cussed the adoption of the Ant Colony Optimization (ACO)
algorithm for reducing the execution time of tasks in a cloud
computing environment. The authors demonstrated that using
ACO was efficient. ACO worked better than other methods,
such as the RR algorithm and FCFS algorithm. To reduce the
makespan and optimize resource access in cloud computing,
an improved PSO algorithm has been developed. The method
used updating the weights of particles with the evolution of
the number of iterations and to inject some random weights in
the final stages of the PSO. The objective was to avoid local
optimum solutions being generated in the final stages of PSO
was proposed by Luo et al. [12].

Chen et al. [36] proposed the dynamic objective genetic
algorithm (DOGA) by focusing on optimizing the execution
time according to the deadline constraint to help reduce
the cost of work and to work within the specified time.
Amini et al. [37] proposed the resources allocation process
for virtual machines in cloud computing using dragon-
fly optimization algorithm. The experimental showed that
using dragonfly optimization algorithm helped improve task
scheduling, load balancing, and resource allocations bet-
ter than ACO algorithm and Hybrid Algorithm Based on
Particle Swarm Optimization and Ant Colony Optimization
Algorithm (ACO-PSO).

Li and Han [42] proposed a hybrid discrete ABC algo-
rithm for flexible task scheduling problems in a cloud sys-
tem. The objective of this approach was to minimize the
maximum completion time, total workloads of all devices,
and maximum device workload. In terms of reducing the
completion time and balancing load in the cloud computing
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environment, the Heuristic Task Scheduling with Artificial
Bee Colony (HABC) Algorithm was proposed to schedule
and manage cloud resources by Kruekaew and Kimpan [43].
The experimental results showed that HABC with the Largest
Job First heuristic algorithm (HABC_LJF) was the most
efficient in scheduling and managing cloud resources.

Gan et al. [44] proposed job scheduling using a genetic
simulated annealing algorithm. The primary purpose was
to optimize the execution time of data center tasks.
Basu et al. [14] introduced a hybrid meta-heuristic algorithm
called GAACO, which was a combination of the GA algo-
rithm and ACO algorithm to solve the task scheduling of
IoT applications in a multiprocessor cloud environment.
The method guaranteed appropriate convergence when tested
with sizes of task graphs and number of different proces-
sors in terms of makespan and efficiency. They found that
the GAACO algorithm performed better than the GA algo-
rithm and ACO algorithm in a heterogeneous multiprocessor
environment.

For a multi-objective task scheduling problem in a cloud
environment that is solved using a meta-heuristic algorithm
and a hybrid meta-heuristic algorithm, Alsadie [45] proposed
a meta-heuristic framework for dynamic virtual machine allo-
cation with optimized task scheduling in a cloud computing
environment (MDVMA). MDVMA was a multi-objective
scheduling method using a non-dominated sorting genetic
algorithm to help reduce cost, makespan, and energy usage.
In the experiments, theHeterogeneous Computing Schedul-
ing Problems (HCSP) dataset was used with the CloudSim
Simulator. The results showed that MDVMA was able to
optimize task scheduling better than the ABC algorithm,
Whale Optimization Algorithm (WOA), and PSO algorithm
in terms of reducing the cost, makespan, and energy usage of
the cloud data center.

Guo [34] proposed cloud computing multi-objective task
scheduling optimization based on a fuzzy self-defense
algorithm, which had good performance in terms of the
shortest completion time, deadline violation rate, and
utilization of virtual machine resources when compared
with A Multi-Objective Optimization Scheduling Method
Based on the Ant Colony Algorithm in Cloud Computing
(PBACO) [33] and Task Scheduling Algorithm Based on
RL. Zuo et al. [33] proposed a multi-objective optimization
scheduling method in terms of efficiency and budget costs.
This approach used an ant colony algorithm (PBACO) to
help determine the optimal solution. The experiment was
compared with the classical heuristic algorithm, Min-Min
algorithm, and FCFS scheduling. PBACO was found to be
superior to the other comparison methods.

He et al. [46] proposed Adaptive Multi-objective Task
Scheduling (AMTYS) to try to improve resource utilization,
cost, energy consumption, and task completion time. AMTS
used a PSO-based approach for multi-objective scheduling
that considered process time and transmission time.

The proposed method applied the adaptive acceleration
coefficient for particle diversity. After improving the PSO
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TABLE 1. Simulation environment.

Type Parameter Value

Host Number of Host 20
MIPS 177,730
Bandwidth 10 GB/s
Storage 2TB
RAM 16 GB
VM Monitor Xen

Data Center

Number of Data Center

1

VmScheduler Time Shared
Cost per Memory 0.1-1.0
Cost per Storage 0.1-1.0
VM Monitor Xen
Cloudlet (Task) Length of Tasks 1k — 900k
Number of tasks 200-1,000
Virtual Machine Number of VMs 5-100

(VM)

Processor speed

3,500 - 100,000
MIPS

Memory 1-4GB
Bandwidth 1,000 — 10,000
Cost per Memory 0.1-1.0

Cost per Storage 0.1-1.0
Cloudlet Scheduler Time Shared
Number of PEs 1

VM Monitor Xen

algorithm, AMTS was able to find the best solution for the
cloud-based scheduling problem.

Jena [47] proposed an ABC-based approach for energy
efficiency, processing time, cost, and computing resource
utilization in the cloud computing environment. Tasks were
allocated to the data center using a multi-objective ABC
algorithm. An ant-based genetic algorithm was used to solve
multi-objective scheduling problems to reduce latency and
completion time while maximizing throughput in the cloud
environment by Kumar and Venkatesan [48]. The multi-
objective WOA was proposed by Reddy and Kumar [49] to
develop scheduling in cloud computing. The authors tried to
create a fitness-based schedule based on three conditions:
quality of service, energy, and resource utilization. After
considering the given parameters, the processing time and
cost of the virtual machines were found to be reduced.

Madni et al. [50] proposed an innovative Multi-objective
Cuckoo Search Optimization (MOCSO) algorithm for the
resource scheduling problem in IaaS cloud computing envi-
ronment. The major goal of the resource scheduling challenge
was to reduce cloud user costs and enhance the performance
by reducing makespan time. The simulation results showed
that MOSCO algorithm outperformed Multi-objective ACO
(MOACO), Multi-Objective GA (MOGA), Multi-Objective
Min-Max (MOMM), and Multi-objective PSO (MOPSO)
algorithm.

Pang er al. [51] developed an EDA-GA hybrid schedul-
ing algorithm to solve the multi-objective task scheduling
problem based on EDA (estimation of distribution algorithm)
and GA (genetic algorithm). The constraints of scheduling
problem in this model were scheduling performance and time.
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The advantages of this algorithm were the fast convergence
speed and strong search ability. The algorithm was compared
with EDA and GA using the CloudSim simulation experi-
ment platform. According to the testing results, the EDA-GA
hybrid algorithm effectively reduced job completion time and
improved load balancing ability.

Neelima and Reddy [52] proposed a load balancing task
scheduling algorithm in cloud using Adaptive Dragonfly
algorithm (ADA) which was a combination of dragonfly
algorithm (DA) and firefly algorithm (FA). The development
of a multi-objective function was based on three parameters:
completion time, processing costs, and load. The perfor-
mance of this method was measured in terms of execution
cost and time. When compared to DA and FA, the experi-
mental results showed that the proposed approach achieved
better load balancing results.

There is also research combining osmotic behavior with
bio-inspired algorithms, for example, Gamal et al. [53]
presented Osmotic hybrid artificial bee and ant colony
(OH_BAC) algorithm which derives from the osmosis the-
ory in the chemistry science. This algorithm was used to
form osmotic computing and find load balancing for VM
placement. OH_BAC used an osmosis approach to create a
low-energy cloud computing environment. In this algorithm,
ACO and ABC collaborated to find the optimum VM for
migrating to the best physical machine (PM). To reduce
power consumption, OH_BAC activated the most appropriate
osmotic host among all PMs in the system. The algorithm
was compared with ACO, ABC, H_BAC, and host overload-
ing detection algorithms. The experimental results showed
that when compared to other algorithms in fixed and vari-
able loads, OH_BAC improved energy consumption, service
level agreement violation (SLAV), number of virtual machine
migration, and number of host shutdowns.

Machine learning algorithms have been used to solve chal-
lenging problems in cloud computing environments [54]. For
example, Farahnakian et al. [39] proposed the Reinforcement
Learning-based Dynamic Consolidation method (RL-DC) to
reduce energy consumption and optimize resource usage in
cloud data centers.

Caviglione et al. [55] introduced a deep reinforcement
learning-based approach for the placement of VMs in
cloud data centers. DRL was used to select the best loca-
tion possible for each VM. Jena et al. [56] proposed a
hybrid meta-heuristic algorithm called QMPSO for balancing
loads between VMs in cloud computing using hybridization
of modified particle swarm optimization (MPSO) and an
improved Q-learning algorithm. QMPSO helped to improve
the makespan, throughput, and power consumption during
load balancing and effectively reduced the waiting time of
tasks.

A framework for cloud resource allocation with the goal
of deploying resources in green cloud was proposed by
Thein et al. [57]. The proposed framework was based on a
reinforcement learning mechanism and fuzzy logic. Its effi-
ciency was measured by CPU utilization at the data center,
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which measuring Power Usage Effectiveness (PUE) and Data
Center infrastructure Efficiency (DCiE). Simulation results
using CloudSim showed that this framework can achieve
effective performance for high data center energy efficiency
and prevent SLA violation. The goal of the task scheduling
and resource allocation model by hybrid ant colony opti-
mization and deep reinforcement learning is to reduce the
completion time and improve the utilization of idle resources
with the use of a binary in-order traversal tree using weighted
values. For task scheduling, a DRL algorithm was used to find
idle resources and ACO to find the most suitable VM for each
task by Rugwiro et al. [41].

As mentioned previously, developing effective algorithms
for task scheduling and selecting the right resources in
cloud computing environments was found to be very impor-
tant. Many studies put much effort into organizing tasks
or allocating proper resources for each task considering
single objective, bi-objective and multi-objective scheduling.
Therefore, this paper proposed the multi-objective optimiza-
tion of the task scheduling problem, while previous studies
focused mainly on the objectives of makespan or processing
time and cost because both of these objectives meet the
needs of the users. However, to work in cloud computing,
it is necessary to consider various conditions or objectives.
In addition, load balancing in the cloud must be considered.
A hybrid meta-heuristic algorithm has been introduced to
help optimize performance in the cloud. Nevertheless, some
algorithms are weak in local search, while some algorithms
have a weakness in global search optimization. According to
related studies, the ABC algorithm can be helpful in solv-
ing the multi-objective task scheduling problem because it
is capable of explorative behavior. In contrast, exploitative
behavior, which is a part of the onlooker bee, was weak.
In this case, reinforcement learning can help solve this prob-
lem because Q-learning can improve the solution quality.
Therefore, we propose a method that can solve the multi-
objective task scheduling problem using the ABC algorithm
and Q-learning (MOABCQ). MOABCQ helps determine the
order of tasks for suitable available resources environments to
find the most appropriate task scheduling solution. Moreover,
MOABCQ also provides a load balancing system.

IIl. PROBLEM DEFINITION AND FORMULATION OF
OBIJECTIVE FUNCTION

Many users operate their works on the cloud environment,
which makes the scheduling process play an important role
in resource utilization, response time, latency, and load
balancing. Task scheduling problems can be described as
follows.

Input:

o LetV = {vi,v2,v3,...,Vv,} where V is a collection of
VMs, and m is the total number of VMs in the cloud
network. Each VM has its own resources (e.g., CPU,
RAM, and bandwidth) and the cost of usage and the
computing power are defined differently; v; presents
the i VM.
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o LetT ={t1,12,13, ..., t,} where T is the set of assigned
tasks, and n is the number of independent tasks per-
formed on the VMs (m). ¢; represents the j™ task. Each
task submission contains the number of instructions,
memory required, CPU required, etc.

Output:

o Optimize scheduling, map n tasks and m VMs (resources)
to minimize makespan, cost, and resource utilization and
to increase load balancing in resource utilization.

In general, multi-objective optimization problem consists
of several fitness functions (Objective function) as: F (x) =
[fi @), f2(x),...,fopj (x)] where obj is number of objec-
tives, and f; (x) represents i objective function. This problem
does not have a single solution and a set of non-dominated
solutions can be found, known as a pareto optimal solutions.

We propose the task scheduling algorithm in cloud
computing using conditions of multi-objective scheduling
approaches to increase the efficiency of schedule optimiza-
tion and resource utilization, to maximize VM throughput,
and create load balancing between VMs. The most com-
mon evaluation factors are cost, energy consumption, task
completion time, task waiting time, flow time, failure rate,
profit, carbon emission, makespan, and reliability [58]. The
proposed method determines the suitability conditions using
cost, resource utilization, and makespan as factors that help
in proper scheduling. Scheduling and load balancing in a
cloud computing environment requires a fitness function
design to provide optimal solutions and also considers the
multi-objective used to find the answer. We used weighted
sum approach [59], [60] for solving the multi-objective
optimization problem. This approach is used to convert a
multi-objective optimization problem to a single objective
with weights which represents preferences among objectives
by the decision maker. We have considered three objectives in
the article as follows:

1) The first objective is defined in the condition of
makespan or task execution time, which is the time that the
system completes its last task. The makespan is a useful factor
for multi-objective scheduling approaches that can reduce the
execution time and allow tasks to be completed prematurely.
Each VM has a different execution time for completing the
task determined by the makespan. If a maximum of the
execution time value is high and the makespan value is also
high, the system is considered poorly distributed tasks to the
VMs. However, if the maximum execution time value is low,
the makespan value is also low. Thus, the system can evenly
distribute tasks among the resources in the system.

Considering where each task 7 (¢j € T) is assigned to the
VM, v; (v; € V) is represented by #;, so the VM task is
represented by v; = {t;, ty;, . . ., Iz}.

The total execution time (ET) of task processing on v; can
be obtained by (1).

2 iyev, length())
N ime (1) = =€
ET (v) =) :tj,-ev,- ExtTime (1) = — =0 i)
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where ExtTime (t;;) is the execution time of #; processing in v;.
This value can be calculated by (2).

length(t;

ExtTime (i) = <874 @)

CPU(vy)
where length(t;) is the length of the j™ task, the length of the
task is defined in terms of the number of instructions (million
instructions), and CPU (v;) is the CPU rate used to process the
7™ VM in the cloud. Makespan is the maximum value of the
execution time of all VMs and can be calculated by (3).

Makespan = Max(ExtTime(v;)), 1<i<m 3)

MinMakespan is a lower bound of makespan, which is the
minimum time required by the system to complete all tasks.
MinMakespan is calculated by (4).

MinMakespan = Min(ExtTime(v;)), 1 <i<m (4)

Fitness function in terms of makespan (F1) can be calcu-
lated by (5).

MinMakespan
| =

Makespan (%)

2) The second objective is defined in terms of cost which
is the cost of requesting to be processed by the task and
can be calculated from CPU cost, memory usage cost, and
bandwidth usage cost. Estimated cost when ¢; is processed at
v; can be calculated by (6).

Cost (1ji) = (c1 * ExtTime(t)) + (¢o * ExtTime(t;))
+(c3 * ExtTime(t;))  (6)

where c1, ¢2, c3 are CPU usage cost per unit, memory usage
cost per unit, and bandwidth usage cost per unit in v;,
respectively.

The total cost (TCost) is calculated as the sum of all tasks
processing on all VMs, which can be calculated from (7).

n m
TCost = Zj:] Zi:] COSt(tji) @)

MinTCost is the lowest cost when the set of assigned tasks
T is processed in the VM where the VM process task ¢;
gives the lowest cost, called the MinTCost(tj) value, which
means that MinTCost is only for task #; and can be calculated
from (8).

MinTCost = theT MinCost (t])
= ZzﬁeT miny <i<m(Cost (tji)) 8)
The fitness function in terms of cost (F;) can be calculated
by (9)
Fy = MinTCost ©)
TCost

3) The third objective is defined in terms of the utilization
of resources (CPU and memory) sent to a different number of
processing units than in the cloud network. If the requested
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task is sent to v;, we can calculate the memory load of v;
by (10).

LM, = am; + XM (10)
i = i ™

where AM; is the amount of memory usage before executing
task ; at the i* VM

RM ; is the memory containing the request of the 7™ task

TM  is the total memory available at the /" VM

The next parameter is the CPU. If the requested task is sent
to v;, we can calculate the CPU load of v; (LC;) using (11).

Lci=ACi+1ﬁ (11)
TC;

where AC; is the amount of CPU usage before executing task
t; at the i VM

RCj is the CPU that requests the j task

TC; is the total CPU available at the i VM.

VM utilization evaluation (VU;) [61] can be calculated
by (12).

w] w2

. i
& o, =L,

12)

where @) and w; are the weights for the CPU and memory,
respectively. w1 +wy = 1 in this paper, given w;, w; are both
equal to 0.5 because CPU and memory are equally important.

Total load on k host (LH ), where k is the total number of
hosts in the system, can be calculated from (13).

m,
LHy =y " VU (13)

The average load on all physical machines in cloud (AL)
can be calculated by (14).

il 211::0 LHy
p

AL (14)

where p is the number of hosts in the cloud network.

The difference in load among each host and the average
load on the cloud network is calculated from |LH; — AL]|.
The fitness function is defined in terms of the utilization of
resources, which can be calculated by (15).

4
F3 = Zk:o |LH; — AL| (15)

Fitness function is created by calculating the weighted
average of each individual fitness function. The proposed
fitness function (F') is shown in (16).

F={*F)+ (n*F2)+ (y3 % F3) (16)

where y1, y2, ¥3, and ye€ [0, 1] are the balance coefficients
between makespan, total cost, and resource utilization. Max-
imizing the utility function (F) results in a better solution.
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IV. HYBRID ABC ALGORITHM FOR LOAD BALANCING

A. Q-LEARNING ALGORITHM

Q-learning [62] is one of the Reinforcement Learning (RL)
algorithms. RL is one of the machine learning methods that
allows agents to learn in their environment and action by
changing their state to receive rewards or penalties based
on the feedback obtained from the environment. The main
purpose of RL is to learn the agent through trial and error
between the agent and the environment. The agent is able to
receive the environment situation through a state and choose
an action that affects the environment to obtain the best
reward and learn through past mistakes. The Markov decision
process (MDP) is a framework for the decision-making of
agents because of the uncertain environment, and the result is
sometimes stochastic. The agent chooses to perform the same
action for the same situation or state, but it may not always
obtain the same result. The Q-learning algorithm process is
shown in Fig. 2.

Given that the set of states S = {s1, 52,53, ...,8,} 18
in the environment, each state has a set of actions. The
A = a1, a3, a;3, ..., a,} agent selects action a;€A at time
t in state s;€S to pass to the next state sy,41€S through the
transition process and receives a reward ;4 from the envi-
ronment. To process the tasks, it is necessary to select the
appropriate action to maximize the Q-value of each state,
which is the primary objective of finding the optimal policy
in cloud computing. The Q-value function depends on the
selection of action in the state. Given the agent in state s;
and selecting action a;, the Q-value function is expected to
move to the best state and gain to maximize the total expected
reward in the environment. The Q-value can be calculated
by (17)

QGrar) =1 —a)Q(ss,ar)
+oalr +ymaxa 1 0@y, are1)] - (17)

where « is the learning rate, y(0 < y < 1) is the discount
factor and effect on the successive state by the previous
action, and ry is the penalties or rewards awarded for per-
forming actions in the state s;. The Q-value derives from
creating a Q-table that stores all possible states, Q-values,
and appropriate actions. The Q-learning algorithm attempts
to establish the optimal state from their experience, and the
greedy algorithm is implemented in the Q-learning algorithm.
Q-value can be computed using (18).

Q41 (51, a) =0 (s, ap)+a [ + ymax ;101 (8(ss, ar), dy)]
_Qt (Sz’at)] (18)

where « is the learning rate, calculated from o = 1/(1 4 total
number of visits to state s;), and § is the transition function.

max,Q (s;+1,a) is an estimate of optimal future value.
A possible action in cloud computing involves load balanc-
ing, which allocates resources in VM and can be described in
Algorithm 1.
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Algorithm 1 Q-Update(S)
1. Set values for learning rate «, discount factor y,
reward r

2.  Initialize Q-values

3. Fori=1ton # nisthe number of states

4, Forj = 1to p # p is the number of actions in each state
5. Q (Si, aj) =0

6. End for

7. End for

8.

Select an action a; from A = {ay, ap, as, ..., ay}
and execute it and go to next state s,

9.  Calculate the learning rate

10.  Calculate the reward

11.  Update Q41 by (18)

12. Repeat this step for new state until it converges

B. MODIFIED ABC ALGORITHM

The ABC algorithm [19] is a meta-heuristic optimization
algorithm based on swarm intelligence. The swarm system
consists of agents that communicate with other agents and
their environment. In this algorithm, the goal of the agent is
to find the best food source, where the food source represents
a set of possible answers in the search space and each agent
is represented by a bee.

In ABC, agents are categorized according to the functions
of the bees and can be classified into 3 groups: employed
bees, onlooker bees, and scout bees. Initially, each employed
bee finds a random food source, whereas in each itera-
tion, employed bees find a new food source near a current
food source. After collecting the nectar, each employed bee
assesses the best food source. Then, the bee will move to a
new food source only if the bees have determined that new
food sources are better than the previous one. The employed
bees share information with the onlooker bees. The onlooker
bees decide to choose new food sources based on information
obtained from the employed bees. If any food source has
much food or high quality, it will have a high chance of being
chosen by onlooker bees. Then, each onlooker bee will find
a new food source around it. They select the food source and
move to a new food source. The number of iterations is also
predetermined, meaning that if no better food source is found,
the employed bees who own the selected food source become
scout bees and are responsible for exploring the new food
source in a new area of search space.

Each group of bees has different explorative and exploita-
tive behaviors [63]. The explorative behavior of a search
agent involves searching for a new food source in the search
space to avoid a local optimum. In contrast, exploitative
behavior involves searching for a better food source near
the current food source. In this paper, we use Q-learning to
improve our solution to provide more appropriate solutions
to problems. The ABC algorithm has both strong explorative
behavior and weak exploitative behavior; therefore, we aim to
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optimize exploitative behavior. The process can be described
as follows:

In the initialization phase, the ABC algorithm represents
the location of the food source with possible solutions to the
problem. Initially, the food source is randomly generated as
shown in (19). Then, employed bees are associated with food
sources. The initial value of the Q-table is 0.

xgj = xjmi" + rand (0, 1) * (x;"“x - x;”i”) (19)
where x;"i” is the lower bound of the j optimization param-
eter, and xj’”“" is the upper bound of the j”* optimization
parameter.

In addition to the initialization phase, the ABC algorithm
separates the algorithm into three sub-phases: employed
bee phase, onlooker bee phase, and scout bee phase. The
algorithm repeats all three phases until a certain maximum
number of values is reached.

In the employed bee phase, the employed bees [64] find
the location of the neighboring food source v; i of the current
food source (x/) using (20).

vﬁ’j = xl-"j + rand [—1, 1] % (xl{j — x,’cyj) (20)

where v ; is the j™ optimization parameter of 7, and k is the
index of the food source.

If the new food source ¥ returns a fitness value greater than
the current food source x!, Fir (v!) > Fit (x!), employed
bees forget the current food source and remember the new
location. In this step, the Q-table (reward-penalty scheme)
value is updated using (18). If the new food source provides a
better fitness value, the employed bee will not only replace the
current food source with the new food source but also update
the Q-value by rewarding the selected new food source and
penalty with the current food source.

In contrast, if the new food source does not provide a better
fitness value, the new food source receives a penalty, and the
current food source receives a reward. The Q-table is updated
every time that an employed bee finds a suitable food source.
Therefore, if the number of employed bees is Emp, Q-table
will update Emp once.

In the onlooker bee phase, the onlooker bee selects the
employed bee’s food source from the Q-value in the Q-table.
In contrast, the onlooker bee searches for the new food source
using (21) and replacing the current food source with the new
food source, if the new food source has a higher fitness value,
then the Q-value will also be updated.

r .t 1 t t t
Vij =X+ 9017 (X g — Xgps i) 2D

where v;j is the optimization parameter of a neighboring
food source ¥, # € [—1, 1], and x,@FS, « is the optimization
parameter of the optimal food source caused by random
selection.

Using (21) to improve exploitation instead of updating
values in dimension, onlooker bees exploit current food and
update all dimensions with different weight values, and in this
step, Q-values (reward and penalty) are updated.
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In the scout bee phase, if there are a number of unsuccessful
attempts to find a better neighbor, that food source will be
discarded, and the scout bee will randomly search for a new
food source.

The pseudo-code of the MOABCQ method is presented in
Algorithm 2.

Algorithm 2 MOABCQ Method

Initialization:

1. Initialize the population and calculate individual
fitness values

2. Set up the parameter: best solution, maximum
number of iterations, the population size

3. Find the best solution

4. while stopping criteria satisfied

Employed Bees Phase:

5. For each position do

6. Update position of employed bee by (20)

7. Estimate the new position

8. If fitness value of new position is better

9 Replace the current position with the

new position
10 End if
11. Calculate probability and update the Q-table
for select position in the onlooker bee phase
12. End for
Onlooker Bees Phase:

3. For each onlooker do

14. Select a position based on Q-value and
probability

15. Update position of onlooker bee by (21)

16. Estimate the new position

17. If fitness value of new position is better

18. Replace the current position with the new

position

19. End if

20. Update the Q-table using (18)

21. End for

22. Find the best solution (Q-table)

Scout Bees Phase:

23. For each position do

24, Abandon the solution that have not been
updated and generate new solutions randomly

25. update the Q-table using (18)

26. End for

27. End while

V. EXPERIMENTAL EVALUATION AND DISCUSSIONS

In this section, the parameter settings and experimental
results are described. To evaluate the effectiveness of the
proposed methodology (MOABCQ), we compared it with
well-known heuristic task scheduling algorithms, such as
Max-Min task scheduling algorithm [22], First Come First
Serve (FCFS) algorithm, and Largest Job First (LJF) algo-
rithm. Moreover, we compared MOABCQ method with the
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TABLE 2. Parameter settings of meta-heuristic algorithms.

Algorithms Parameter Values
HABC [43] Number of population (n) 960
Number of sites selected 96
out of n visited sites (m)
Number of best sites (e) 1
Number of Employed bees 192
Number of Onlooker bees 768
Maximum iterations 1000
MOABCQ Number of population (n) 960
Number of sites selected 96
out of n visited sites (m)
Number of best sites (¢) 1
Number of Employed bees 192
Number of Onlooker bees 768
Maximum iterations 1000
MOPSO [67] Number of particle size 100
Weight (Winin, Winax) 0.1,0.9
Self-recognition coefficients 1.49445
(CI' CZ)
Maximum iterations 1000
MOCS [50] Number of population size 20
Abandon probability (P,) 0.25
Step size (1) 0.01, 1
Maximum iterations 1000

popular meta-heuristic task scheduling algorithms such as
the PSO algorithm and CS algorithm, and with our previous
method called Heuristic Task Scheduling with Artificial Bee
Colony algorithm and largest job first (HABC_LJF) [43].

We considered evaluating the performance of the proposed
method, which consists of a simulation environment, a bench-
mark datasets, parameter settings for the proposed method
and the comparison algorithms, experimental results, and the
time complexity of MOABCQ method.

A. SIMULATION ENVIRONMENT

This section presents an experiment conducted to evaluate
the performance of the proposed method (MOABCQ) when
comparing task scheduling with other methods in a heteroge-
neous cloud computing environment. In this paper, a simula-
tion was designed and developed using the CloudSim 3.0.3
simulator [65]. CloudSim is the most widely used simulator
to implement clouds. CloudSim is a tool that can simulate
virtual resources, and CloudSim can also support modeling,
simulation, and experimentation of virtualized cloud-based
data. This experiment was simulated on a computer with an
Intel Core i7-8750H CPU (clock speed of 2.20 GHz) and
16 GBs of RAM.

In this experiment, a virtual environment was simulated
to demonstrate the efficiency of the proposed method in
terms of scheduling and load balancing in a cloud computing
environment. The simulation environment of this experiment
was defined as shown in Table 1.

B. BENCHMARK DATASETS
To evaluate the scheduling efficiency of the proposed method,
three different datasets were used: 1) Random dataset,

17812

30
mMax_Min = FCES
= Q-learning HABC_LJF

s || mMOPSO " MOCS
EMOABCQ FCFS mMOABCQ LJF

[
]

Makespan (3)
o

10 g
- |

200 400 G600 800 1000
Number of Submitted Tasks

(a) Makespan comparison using the random dataset

800

B Max_Min HECFS
® Q-learning “HABC LJF
700 = MOPSO uMOCS
EMOABCQ FCFS mMOABCQ LJF

600
@500

24400
o
§ 300

200 g;

| "
100 I :!

|| kl
0 | akal | |
200 400 600 800
Number of Submitted Tasks

1000

(b) Makespan comparison using the GoCJ dataset

70 WM Min SECES
= Qlearning SHABC_LJF
60 | =MOPSO =MOCS
= MOABCO FCFS mMOABCQ LIF
50
=40
g
240
20
10
0

200 400 600 800 1000
Number of Submitted Tasks

(c) Makespan comparison using the Synthetic workload dataset

FIGURE 3. Comparison of the performance in terms of makespan on
various datasets.

2) Google Cloud Jobs (GoCJ) dataset [66], and 3) Synthetic
workload dataset [26], which are described as:
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TABLE 3. Comparison of the performance in terms of ARUR on various datasets.

Task Scheduling Approach

Dataset
Max-Min FCFS Q-learning HABC LJF MOPSO MOCS MOABCQ FCFS MOABCQ LIJF
Random 0.200 0.332 0.660 0.642 0.637 0.698 0.762 0.812
GoCJ 0.190 0.252 0.610 0.692 0.684 0.702 0.742 0.792
Synthetic workload 0.178 0.505 0.755 0.723 0.722 0.761 0.796 0.801

1) RANDOM DATASET

We generated task sizes ranging from 1k — 70k Million
Instructions (MIs). The randomly generated dataset contains
a total of 1000 tasks. The dataset contains task size, number
of requested CPUs, and amount of RAM being requested.

2) GOCJ DATASET

GoCJ dataset is considered a Google-like realistic dataset
generated from the workload behaviors witnessed in Google
cluster traces using bootstrapped Monte Carlo, a well-known
simulation method. The task sizes in the GoCJ dataset range
from 15k — 900k MIs, and the datasets are classified as: small
size jobs (15k — 55k Mls), medium size jobs (59k — 99k MIs),
large size jobs (101k — 135k MIs), extra-large size jobs (150k
— 337.5k MlIs), and huge size jobs (525k — 900k MlIs).

3) SYNTHETIC WORKLOAD DATASET

Synthetic workload dataset iscreated by random-number gen-
erator mechanism using Monte Carlo simulation method.
It consists of different tasks sizes from 1 — 45K MIs which are
tiny size jobs (1-250 Mls), small size jobs (800—1200 MlIs),
medium size jobs (1800-2500 MlIs), large size jobs
(7k—10k MIs), and extra-large size jobs (30k—45k MlIs).

C. PARAMETER SETTINGS FOR THE PROPOSED METHOD
AND THE COMPARISON ALGORITHMS

In this experiment, we defined population parameter and
other conditions from related articles which are: HABC algo-
rithm [43], PSO algorithm [67], and CS algorithm [56]. As it
is already recognized that parameter setting has effects on
the efficiency of algorithms and it depends on size or nature
of the problem. For this reason, tuning the parameters must
be done to ensure that we use the appropriate parameters
for the problem type and dataset. We did not claim, how-
ever, that the proposed method or its parameters outperform
alternative algorithms for all type of problems and datasets.
In the experiment, the parameters of the ABC algorithm
proposed by Kruekaew and Kimpan [43] are defined in Table
2. In addition, to compare the scheduling performance, the
proposed method was compared with the HABC algorithm,
MOPSO algorithm, and MOCS algorithm. The parameters
are defined as shown in Table 2 which based on the original
papers.

D. EXPERIMENTAL RESULTS

This section describes an experimental evaluation of a pro-
posed scheduling approach using the benchmark dataset
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to compare experimental results in terms of makespan,
throughput, ARUR [26], cost, and DI. In this experiment,
we assessed the effectiveness of the proposed method
(MOABCQ). We combined the MOABCQ method with
the First Come First Serve (FCFS) heuristic task schedul-
ing called “MOABCQ_FCFS” and Largest Job First (LJF)
heuristic task scheduling called “MOABCQ_LJF” and
compared them with other well-known algorithms: FCFS
scheduling algorithm, Max-Min task scheduling algo-
rithm [22], Heuristic Task Scheduling with Artificial Bee
Colony algorithm and largest job first (HABC_LJF) [43],
Q-learning algorithm, multi-objective particle swarm opti-
mization (MOPSO) algorithm, and multi-objective cuckoo
search (MOCS) algorithm. Each dataset was run for
20 rounds, and the average of the results is proposed in the
following section.

The first section presents a comparison of the performance
of the proposed method in terms of makespan. This experi-
ment was assigned to 100 VMs, and 200, 400, 600, 800, and
1000 tasks were assigned to the system. In the experiment,
we used the 3 datasets mentioned earlier. The experimen-
tal results are shown in Fig. 3. According to the experi-
mental results in Fig. 3(a), when the random dataset was
tested, the MOABCQ method was found to reduce the
average makespan better than the Max-Min method, FCFS,
HABC_LIJF, Q-learning, MOPSO, and MOCS. However,
when 400 datasets were tested, MOCS gave the lowest
average makespan compared to the other methods. MOCS
took 3.69%, 3.77%, 8.82%, 13.85%, 20.77% 23.41%, and
82.39% less time to complete than FCFS, MOABCQ_LIJF,
MOABCQ_FCFS, Q-learning, HABC_LJF, MOPSO, and
Max-Min, respectively.

If we consider the insight of MOABCQ, after compar-
ing MOABCQ_FCFS and MOABCQ_LJF, MOABCQ_LJF
can be found to give a lower average makespan than
MOABCQ_FCEFS in the case of 200, 800, and 1000 tasks.
However, in the case of 600 tasks, MOABCQ_FCFS had an
average makespan 0.51% less than MOABCQ_LIJF.

Considering the experimental results in Fig. 3(b), in which
the GoCJ dataset was used, and Fig. 3(c), in which
the Synthetic workload dataset was used, MOABCQ_LJF
gave the lowest average makespan. When using the
GoCJ dataset, MOABCQ_LJF gave average makespan
approximately 117.80%, 92.15%, 46.17%, 42.25%, 34.94%,
30.62%, and 8.21% less than the makespan of Max-Min,
FCFS, Q-learning, MOPSO, HABC_LJF, MOCS, and
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MOABCQ_FCFS, respectively. When using the Synthetic
workload dataset, MOABCQ_LIJF yielded average makespan
of approximately 150.75%, 98.61%, 25.53%, 22.87%,
15.35%, 10.76%, and 2.97% less than the makespan of
Max-Min, FCFS, MOPSO, Q-learning, HABC_LJF, MOCS,
and MOABCQ_FCEFS, respectively. It can be indicated that
MOABCQ_LIJF outperformed the other methods in running
both datasets with all test conditions except the percentage of
the average makespan reduction.

However, overall examinations showed that the proposed
method can provide the lowest makespan value because
MOABCQ_LJF can allocate the task to the appropriate
resource. According to all these results, we can conclude that
the proposed method has the potential to efficiently allocate
resources in the system.

The second section presents a comparison of the effi-
ciency of the method presented in terms of throughput,
which is the number of tasks executed per unit of time.
The 3 previously used datasets were used in this exper-
iment. The experimental results of testing the efficiency
with a random dataset are shown in Fig. 4(a), which indi-
cates that MOABCQ had better throughput than other algo-
rithms. However, when testing in 400 tasks, MOCS gave
greater values than the others at 3.56%, 3.63%, 8.10%,
12.16%, 17.20%, 18.97%, and 45.17% when compared
to FCFS, MOABCQ_LJE, MOABCQ_FCFS, Q-learning,
HABC_LJF, MOPSO, and Max-Min, respectively. Consid-
ering the MOABCQ itself in depth, MOABCQ_LJF has a
higher throughput than MOABCQ_FCES in 200, 800, and
1000 tasks. In the case of 600 tasks, MOABCQ_FCEFS pro-
vided 0.50% higher throughput than MOABCQ_LJFE.

After using the GoCJ and Synthetic workload datasets
to test throughput, we found that MOABCQ had bet-
ter performance than the other algorithms. The results
are shown in Fig. 4(b) and 4(c). When MOABCQ_LJF
and MOABCQ_FCFS were considered, MOABCQ_LJF
provides throughput approximately 6.14% more than
MOABCQ_FCFS on average. We can conclude from the
overall throughput test experiments that MOABCQ_LIJF has
the potential to allocate the tasks to appropriate resources
in the same direction as the testing result in the first
section.

The third section presents a comparison of the efficiency of
the proposed method in terms of Average Resource Utiliza-
tion Ratio (ARUR), which is another important condition for
task scheduling in the system. In this experiment, we used
1000 tasks, 100 machines of VMs, and 3 dataset tests. The
experimental results are shown in Table 3.

We found that MOABCQ gave higher ARUR values than
the other methods. To consider in depth all 3 datasets, the
algorithms used to perform in this experiment that gave the
similarity of ARUR results were found to be Q-learning,
HABC_LJF, MOPSO, MOCS, MOABCQ_FCFS, and
MOABCQ_LJF, unlike Max-Min and FCFS. When testing
with the random dataset, MOABCQ_LJF provided larger
ARUR values of 6.15%, 14.01%, 18.72%, 20.94%, and
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FIGURE 4. Comparison of the performance in terms of throughput on
various datasets.

21.53% compared to MOABCQ_FCFS, MOCS, Q-learning,
HABC_LIJF, and MOPSO, respectively.

VOLUME 10, 2022



B. Kruekaew, W. Kimpan: Multi-Objective Task Scheduling Optimization for Load Balancing in Cloud Computing Environment

IEEE Access

When using the GoCJ dataset, MOABCQ_LIJF gave
greater ARUR values then the others at 6.31%, 11.34%,
12.63%, 13.61%, and 22.99% when compared to
MOABCQ_FCFS, MOCS, HABC_LJF, MOPSO, and
Q-learning. After experimenting with the Synthetic work-
load dataset, MOABCQ_LJF gave higher ARUR values
than the MOABCQ_FCFS, MOCS, Q-learning, HABC_LIJF,
and MOPSO methods at 0.62%, 4.99%, 5.74%, 9.74%, and
9.86%, respectively.

The testing with all three datasets revealed that
MOABCQ_LJF provides the highest ARUR value com-
pared to the other methods. Thus, we can conclude that the
MOABCQ_LJF method can efficiently schedule tasks in the
system and can help equally distribute tasks across available
resources, which can help the system stay in balance mode.

The fourth section presents a comparison of the per-
formance of the proposed method in terms of the degree
of imbalance (DI) to assess the load balancing of the
system. The experiments were conducted with the same
datasets as in the previous experiment sections. These exper-
iments were tested on 100 VMs and 200, 400, 600, 800,
and 1000 tasks. The proposed method (MOABCQ) was
compared with Max-Min, FCEFS, Q-learning, HABC_LJF,
MOPSO, and MOCS. The results are shown in Table 4.
When testing on a random dataset and GoCJ dataset, the DI
values of MOABCQ_LJF were the lowest, indicating that
MOABCQ_LIJF can distribute tasks more equally to existing
resources in the system than the other methods. However,
when using the Synthetic workload dataset, we found that
in the case of setting tasks in the system equal to 200,
600, 800 and 1000 tasks, MOABCQ_LIJF gave a lower DI
value than the other methods. Unless testing with 400 tasks,
MOABCQ_FCFS had the lowest DI value. When compared
to MOABCQ_LJF, MOABCQ_FCFS can distribute tasks
better than MOABCQ_LIJF at 4.37%.

According to the testing with all three datasets, the
MOABCQ method was found to be able to equally distribute
the task to the available resources in the system, which
resulted in a low DI value. If we consider the proposed
method in depth, it reveals that MOABCQ_LIJF performed
more efficiently than the other compared methods. However,
it depends on the dataset being tested.

The final section presents a comparison of the perfor-
mance of the proposed method from a cost perspective to
assess the costs or overheads when accessing cloud com-
puting by executing 3 datasets. The experimental results are
shown in Fig. 5. Considering Fig. 5(a), using the random
dataset, MOABCQ was found to be able to reduce cost more
than the MOCS, MOPSO, Q-learning, HABC_LJF, FCFS,
and Max-Min. When MOABCQ_FCFS was compared with
MOABCQ_LIJF, it indicated that MOABCQ_LIJF has lower
cost than MOABCQ_FCEFS by approximately 3.38%. How-
ever, with 1000 tasks, the MOABCQ_LJF algorithm costs
4.88% more than the MOABCQ_FCFS algorithm.

When testing with the GoCJ dataset, the results in Fig. 5(b)
show that MOABCQ was able to reduce costs more than
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FIGURE 5. Comparison of the performance in terms of cost on various
dataset.

the other methods in the same way as when using the
random dataset. When comparing MOABCQ_FCFS with
MOABCQ_LJF and testing on 200, 400, and 800 tasks,
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TABLE 4. Comparison of the performance in terms of DI on various datasets.

Task Scheduling Approach

Dataset Task
Max-Min ~ FCFS  Q-learning HABC LJF  MOPSO  MOCS MOABCQ_FCFS MOABCQ_LJF
200 1.285 0.577 0.442 0.462 0.334 0.280 0.264 0.200
400 0.902 0.425 0.285 0.241 0.309 0.177 0.177 0.166
Random 600 0916 0.685 0.585 0.378 0.555 0.203 0.134 0.116
800 1.138 0.660 0.237 0.157 0.573 0.177 0.137 0.115
1000 1.330 0.526 0.297 0.175 0.221 0.159 0.097 0.093
200 1.023 0.829 0311 0.430 0.450 0.250 0.270 0.132
400 0.997 0.944 0.272 0.283 0.278 0.204 0.146 0.123
GoCJ 600 1.114 0.652 0.299 0.291 0.299 0.281 0.276 0.176
800 1.234 0.544 0.478 0.294 0.499 0.287 0.387 0.275
1000 1.112 0.912 0.355 0.373 0.387 0.363 0314 0.251
200 1.529 0.964 0.225 0.410 0.412 0.378 0.268 0.187
400 1.314 0.905 0.342 0.463 0.472 0315 0.293 0.305
Synthetic workload 600 1.130 0.766 0.302 0.734 0.742 0.301 0.418 0.214
800 1.147 0.670 0.295 0.368 0.413 0.274 0.141 0.117
1000 0.834 0.679 0.211 0.235 0.337 0.210 0.209 0.122

we found that the MOABCQ_LJF algorithm has a lower
cost than the MOABCQ_FCFS algorithm at approx-
imately 20.79%. In addition, when testing with 600
and 1000 tasks, MOABCQ_FCFS was found to have a
higher cost than the MOABCQ_LJF method by 0.48% on
average.

When testing with the Synthetic workload dataset, the
results in Fig. 5(c) show that the MOABCQ method has a
lower cost than the other comparison methods in the same
way as when testing with the previous two datasets. After
comparing MOABCQ_FCFS and MOABCQ_LIJF, in the
case of setting tasks in the system equal to 200, 600, 800,
and 1000 tasks, the MOABCQ_LJF algorithm was found
to have lower cost than MOABCQ_FCEFS, except for 400
tasks, MOABCQ_FCEFS has lower cost than MOABCQ_LJF
method at 1.90%.

According to the testing with all three datasets, the pro-
posed method of MOABCQ was able to reduce costs more
than the other comparison methods. However, when com-
paring MOABCQ_LJF and MOABCQ_FCFES, we found
that MOABCQ_LJF can be more appropriately used for
task scheduling with existing resources in the system than
MOABCQ_FCFS. Considering the difference in the per-
centage between the two methods, MOABCQ_LIJF has a
smaller percentage. However, it depends on the dataset to be
tested.

E. THE TIME COMPLEXITY OF MOABCQ METHOD

The time complexity of MOABCQ method can be calculated
as: in ABC, an initial population of n is given and the bee is
classified into Employed bees and Onlooker bee. Therefore,
the number of iterations to find suitable VMs in the cloud
is n and the number of updated data in the Q-table is n as
well. As a result, the time complexity of MOABCQ is O(n).
If ABC repeats this step k times, the time complexity is equal
to k x O(n). Since k is a constant, the total time complexity
of MOABCAQ is equal to O(n).
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VI. CONCLUSION

In this article, we propose the multi-objective optimization
scheduling method in heterogeneous cloud computing using
the MOABCQ method. This method considered the selection
of suitable VMs based on calculating the fitness of each
VM. Heuristic approaches which are FCFS and LJF were
also included. The experiments were conducted with various
datasets to observe the performance of the proposed algo-
rithms. The proposed method helps load balancing tasks with
existing resources in the system and also improves makespan
reduction, DI reduction, cost reduction, and throughput and
ARUR increases when compared to the Max-Min, FCFS,
Q-learning, HABC_LJF, MOPSO, and MOCS algorithms.
The experimental results indicated that the proposed method
outperformed the others. However, we cannot guarantee that
the MOABCQ_LIJF algorithm is optimal. Nevertheless, the
performance of the system cannot be optimized in every test
dataset.

Task scheduling in a multi-cloud, fog cloud, or edge cloud
environment can be challenging and interesting work in the
future. We propose a scheduling arrangement method in dif-
ferent environments. Other machine learning algorithms may
also be applied further. In addition, the proposed method can
also be tested in a real-world environment to observe the
performance of the MOABCQ method.
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