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ABSTRACT

This  thesis proposes a new design for optimal path planning of intelligent
vehicle based on the hard disk drive manufacturing environment. The proposed
method is the new safety path searching for low risk of collision in manufacturing.
However, the maximum capability of systems may be lower due to the safety path
searching. The processing time is higher for the low risk of collision. This research
presents the safety path searching with the fast optimal convergence solution.
Moreover, this research increases the efficiency of the prediction model with error
built-in. The prediction model of this research can represent the worst case scenario.
From the simulation results, the proposed method of this research illustrates a good
prediction model. The maximum robot running in this model is 5 robots with 85.6650
seconds on 30 tasking simulations. The prediction parameters are the number of
robots in area, the safety value, and the processing time. This model is appropriate
for investment prediction in manufacturing. In addition, the model of this research is

flexible for any upgrades.
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2.2.1 uku?l (Map representation)
& ! °o w o = = & v a =
U Uudud A UeINsEUIUMI MR NN SIARa Vet ueudaasey ieldly
madusunuurewuuiaeddupauiames dnvavosnuniiiaueiiogaoUsznm
2.2.1.1 Topological maps
Topological maps [3] ABLKNUAILUU continuous coordinates Hanualgiilounsiu
Weuledlnelausiausazneen (vertex) WAIEiU wiAINEBATINBIATENTT node &edINTS
= Y] v A P G I3 % [ S V|
Woulgaiusududion (edges) lasanansasiuiiuniunnis \Wu 1 qesenld wagldiduion
A A ! o v ddas o v =
iaeulesseninaduna Tegneldiuiinidfiovne szgnssyliifuveuwnlugunaiemaey
= v oA P S a L Y .
(polygon) @etaidsvasunuiiuuuilee nskanmananelidamauuiiuiuy Occupancy grid

maps

E‘U‘ﬁ 2.9 WHUTILUY topological maps [3]

2.2.1.2 Occupancy grid maps

Occupancy grid maps [3] AsuNUILUY discrete coordinates @9azHNITLUINUTN

| 2 A Ad 1w o = 2 A Ada o | %
EJ@EJG]aaﬂLUUWUVW]Lmqﬂusluaﬂwmguuumfﬁfl\‘i 11999139 UUNUNNUVUIALANAINULTU FLUMEN
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g‘dﬁ 2.10 UWHUTIUY occupancy grid maps [3]

2.2.2 WBMINURULEUNIINStARaaUR (path planning algorithm)
ABNTINUHULHUNIIN SATOUNABNITN NAUN A UNARIINRL BN TR U ST

[ '

NI lUgwumiesineifeIns MmsAaduneiduigafen1srurnasNvesileiduves

v oA av A a v Y

WudeuNtaiige Felusuidenneitesiurueudfoiduninsindouveius U019
[ R = a4 g av o a Y @ 4 & s A v
Junamihsitdesngadiedunuideniieitesivseuy network wioaaasiduaiilenduiives
naalunddeiemeniaiug 3Bnistunsmidunmangaludagtu ddad

2.2.2.1 Dijkstra’s algorithm

aa .. s : A aa e Yo & ad | ]

15115 Dijkstra’s algorithm [4] AeddnslgnuuneuIuLazluIsn1segde an
Wauelag Dutch Tud 1959 lngn1sisusuaINInganisuiu o duraduniesuiy 38n1stlag
M AnuAdunaInIaEuduiguiuIailindifismiovmn - wagienldidumalanadns
NSANNNTRETIANYNIALBATINALY  1E9IININITATIVADUATUNNIALBAT AL ILAIIY
ad & o A ! A o 4 v 6 o 2/ A =€ o 1
FBnstginmsdenyaselunvihlinadnsnisinadesignaufsiumigeeendmang
(goa)  FWMstlazauaaLariusuizAuluduNINRATNEVRINSAWIMAR DA UN1TATeY

fgn Jsaziilann ABmsteiud Tdnisewaldunngganigluunud  Tnefivngaeenenali
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Ul 2.11 Masgensfuvnidunsfiatianse Dijkstra’s algorithm [d]

2.2.2.2 A* algorithm

/15 A* algorithm 5] Qﬂi?nauaima Peter Hart, Nils Nilsson ,ag Bertram
Raphael Tull 1968 AoTBnsitirdeldevesisnis Dikstra’s algorithm anufuusalasnsly
heuristic function lasmisdanguues nodes fiilATUszanauasdumsdatmuneiiduiignile
Jeufungy nodes Buq  Gwnswuiuntsiifesiinishayn node uwuuiilifliuAssznisves
Gumnsatasiiny duleasinismuiniemsssemalagyszannlaonisduinde Euclidean
distance Tuaun1s?l (2.1) w3e Manhattan distance luaunsdi (2.2) “anﬁ’%mﬁqﬁ;m@mﬁu‘]
() Bathmng (xy) dsaeisnsmunttduiagiliususamnsodadmanglfisan

WUV Dijkstra’s algorithm

D =04 =%,) + (¥, -¥,)’ 2.1)

Dz‘xi—xg‘+‘yi—yg‘ (2.2)
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MsfUaLEUNIUes A* algorithm Aonisduaidunisangaiusuiatminede
NATINTBIANTEEE VNS UAITDITEBENTIUTZN NS 9NANNST 2.3 F(n)  WNUAIYES
Wunesmwes A, g(n) Aersreynsveaduniaaingaisuduludigalag wagd1 h(n) Aor
vosszugnlasUszanuangalag Tudatunmiadme Ssazsiliitnisves A* dufiaanm
FISluNIELE NN SIAReuTiINI133NS Dijkstra tM31¢N5RANTANTILIL node 7

ANUBYAIIINNSUTLLIUANUBINATINLAUNY h(n) 138 heuristic term

f(n)=g(n)+h(n) (2.3)

* /80
CooH

Cour0P0O0Reee
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PR R R RR S R
pE A E X R L E =X S
PEE R EE RS R X
pEE XS 2 S RN
I-unuln'
2R R LR T

-300000

GO S990090%S
4R+ 5 S 2.2
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eXeRex S R E ¥ N
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CRBEEER - FHESEY
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*
L
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*
]
=*
*

pReE S X = = NS % 2 X
CORRES-

>¢uu-¢~'

”

”

SURl 2.12 fedrsmsfuvidumaiidigasie A* algorithm [5]

2.2.2.3 D* algorithm

78M13 D* algorithm [6] gniiniaualae Anthony Stentz Tudl 1994 AeT3nnsvith
A* algorithm wUfuusaudly WedidsAnune Taganunsauduanadnsliludumaifidsioua
fhufie D* ansafzUfuiAsuunuresdunensidouiveniusuisous dsinvnslalunei
FansliFesnsiunnidumeduaiidnnaliuds wionanléin D* Ae Dynamic A* Fuidia A%

uay D* azvilaenn Weukunduuialng nsrunwazaisamaazldinaiuiu
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2.2.2.4 Rapidly-Exploring Random Trees(RRT) algorithm

o

75713 Rapidly-Exploring Random Trees(RRT) algorithm [7] Qﬂmmudm Steven

I ad

M. La Valle Tud 1998 AaisnsnlensduanieAumuuiunivuialig 35n15tazidengaiuy
guneldaninwindontiuy wazweuleagauwuudutuiunganisual 1asIntugakuuduaaly
ieulesiunsanilnanantunsnauenlesiufsgadminy  ddnvaugnisairavileuaun

wanAsnuaI1eenluisougaual iteration  Tuwuudtasstus AstiNAUYes RRT  %#39013

1% v
[y 1

WinTuressnAuanneiiuaviiy Juduatrnuuiasidululnagdiuvesiiuntus vununad

| Y ) | T . L Ada | 2 ~ a
anutaziludesazgnineglunguiiegne druvunuiindaiuuinsdugaziinsidulnves
auldludaesendmuenall sUN 2.13 Lanedieg19n15AUNIEUN1INANgAAIY Rapidly-

Exploring Random Trees(RRT) Lilo iteration LWuau UaidsvesionisiAsaziinisldiiaily
N13AIANUIULDRINNTAN U Rgan el uILAIuaIvII I wILLIN F3N15UT

U d‘n‘ld !
Wz AulNunRvualag

gﬂﬁ 2.13 éhasmmaﬁuw%é’umﬁﬁﬁajmﬁw Rapidly-Exploring Random Trees(RRT) [7]

2.3 M3RumATInTign (Optimization methods)

9

1Y Al

ludagdu Ten1sAumeniiaiaanainunaieds laenisidentd agdeafeniuuizauiu

[
A %

anwazdeyaveslyni lnevdnnisiUesiuvesnisarumaAnanaanenisaseilenduingussasd

q

5 [ | Aaa

(Objective function) Niaula lneHsnduilaziluilsndunilulglunssviunisaumeaninnan @

9
Y Yy [

a9z duAniian wiertesdiganls MaltuiuaufeInIsvedesniuy uenaIntl anvuey

o w

W
]

v Y & = 1% = vaa v | daa o o 3
EUENGUEJQ;IJaGU']LGU']LTJUVUQIUGZJQQ;Jaﬁ']ﬂinIUﬂqiLa@ﬂl's{nﬁﬂqiﬂu‘wqﬁqmﬂ ?jﬂi‘lﬂL‘lﬁll']gﬁllﬂcUQ’]uuus]



17

13

naumsi (2.4) eiduinguszasiasulsnudulsiifuatstu Tnefudsdandrigoning
WUTEY (X, X,,...x,) Inemsmaniiafigniasndunismardulsiuiimnzauiigadelilia
vesilaiduinguszasdfimngauiandsenaazidusunniigavievosfiganuiioenuuy dslunns
uitywn fuusiuusagiotaiiteuly viededdn wuileulufivhududfnau ( x>0) via

ANRIUSAULINNIT 3 (X > 3)

f=F(x,X%,,....X,) (2.0)

JUN 2.14 uanilaseasnanesiansAumefaiian (Optimization method) [8] @3UsEnay
Lusie 2 dumndngfie combinatorial  ae continuous tne3snisiilunteulutagdudenis
UsEINaALUY meta-heuristic a8lf population based search luswideill ladeniisnis
- ° A oA | I o N
meta-heuristic #tdunisuszanaAnUNtaNLIRede Inakusoanilu 2 WUUKENY ADLUY
Single-solution based search @udunisAumuuy local search neldsiaagnenilaiungy
IndlAeesee19uus AU Population based search #sa1u150AUMILANS local search waz
Py I3 ) ° ' 7421y av A a
global search lasanidunisAumuuunanamunuinsluiunaum Taglusuiddeiidenuuu
Population based search wsizn1siaenld Single-solution based searchenaagiinlulyl

#11190AUNLIDAT global optimum 161

79n15v84 population based search iy 3gldgaLsuAuNuANgeiU nsa1efIpanty

1%
2V

= Ay = o Vo 1 1< 2 % gj a1 |
Aelanunaum Fevinluatnuinazidulunisaunt - global  optimum UULANFINIWUY
Single-solution based search Tusuideivetiauevguiiiossiuves 4 3Bnsfidunteuldly
Uy A9 Genetic Algorithm , Particle Swarm Optimization, Ant Colony Optimization wag

Artificial Bee Colony
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Continuous

'

v

v

Exact Approximate Nonlinear Linear
Branch and Dynamic Simplex Interior-
Bound programming method point
Global search Local search
method method
\ : i }

Heuristic Meta- Random Gradient Without
heuristic search based gradient

v

\ 4

v

Single-solution

based search

Population based search

v

v

.

v

v

y

Simulat

Anneali

ed

Tabu search

Evolutionary Algorithm

Swarm Intelligence

ng

SUN
U

v

v

-Genetic algorithm
-Differential Evolution
-Evolution strategies

-Evolutionary programming

-Particle Swarm Optimization
-Ant Colony Optimization
-Artificial Bee Colony

-Firefly Algorithm

2.14 Tassa$aweiSnsdumaniiafian (Optimization method) [8]
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2.3.1 Genetic algorithms

FBnnsrumeniiaiian fe38 Genetic algorithms (GA) [8] unszuaus meta-heuristic
WUU Evolutionary algorithm #iflesldeghaunsnans 33n1s Genetic Algorithms gﬂﬁ%auaﬁu
Ta John Holland 1ud 1992 Tne3amsil ldudnnisvesiFauinsludsdainen (biological
evolution)  dmunisduaminalaasimnzauiiga wieisdeudeniuin Optimal

Solution Tudumewudatiugnssutiu InsUseuLeuaIiaagyine)
=2 °o v I (Y
o lasluloy e drduvesdudududunuromainay
o Fu vneds A dululdluusagmisegesiasluley
o Usyyng g nquvedlasiulay
IngunoulaiugnITuiu endunisegsennasauiiusinly

o nisAususuuulding nangds nsNUTEEINTTURELUNIAIINAINLANFIYDY

2 ATAUASY M38N5k AR (crossover)

o myduiiusuuvlderdumg vansda n1snUszrinsussluiinainaseunsa

e LWun1TNateius (Mutation)

o MsARLERN MNIBTI NITRIAYAT fitness MIDAIAYINWINEANAIMIY TunTs
AnGaNIusaly

ludiuroiiznisAndeniu Tudweitunaudaiiugnssufe n1sUSouiioudiudauss

31 Wuraaefmuean wSea fitness a9 taenisidenld fitness functioniius) asieaudaniv

WLNTALLATARAAABIN UL MUNeNEUTlY $881930n15lINTEUIUANSARLEDN LU

L )

< aa &< [ A A o = o v o {
1) AISLAULANIZIUAUAY wnstldunisandenniileslulauusgsa1aununiuan

fitness 91nuaglULIN WaAYIINISARERNEANIE fitnessTdAunWNTY drusunisidu

lasluleslusudaly Tudvedlaslulaunuionien fitness Woe azgnidaialy

2) 29de34én (Roulette wheel) 35 13tdunslden fitness wnuanutazdulunis

Assegvadlasiuley Tume nglaslulownilan fitness a9 azillaniasrissoguinnin

Aa

laslulguiiirfitness @1 3935n15le1vazillaslulouniian fitness Wow wuludagu
anlula
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AMPAUAANSUAY

|
v

AAn fitness

v
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v

lldeu

v

AANENUS

v

Asuauly ?

NebRaY

I
Y

JUN 2.15 TunouveIsidaiugnssy (Genetic algorithm)

INFUN 2.15 uansdumnawds Genetic algorithm (GA) #3aTunuIBdUgNITY LSUAY
memsasuszyns wiewamasyeadym i dululdsuauinnneu lneld3snsdu ndsaniu
INSAUIUNIAT fitness YadusarNalRaetius WadnTzuIUMIAAGDN Lagknuiinalaae?
gnidneenmenguuszvnslud ihadwuuilluiseyqauniiazlanamasian fitness dengefign

gy A = o 9 Ao v o & ' < o | VY a
ANUTNADINITNIDITIUIUAITIUTIN A MUAL 198 11nAT fitness Nealdldanursanianlaasaly
FENINNTFUIUNTT AIAIMUAYRINITINE IRz llusunsuaunsodugaadlalaglildiagn
gravuiulursainmansainlusensulianansnlueananmsawinls wenanil n1sivug

[y

Uszrnslutisusnianudidgduegiann Ingunfagiimssmuangudsesnslifldsniuae
Femnuszanadinsditu agiinmaiuandulssenaidion Tnenmsuidaiu 33 Genetic
algorithm endnsdalunszuIuns F9azunneinsansnis Brute force Mdunsdmnagn
SoulaiiAntuldudldinanlunisdwinuu 9ndeaszuil uath 35 Genetic algorithm agli

v 6 o PN <@ 1 aa 3 1 ' M Yo o Aaa
NAANINITANUIUNTIALIININIGNIT Brute force +UuUng19u1n LLG]EJT\]R]SVLZJVLGW‘YW]W]@UVI@VI?;I@
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939 pnunAle WeswnlusunsugnitruanIsAuansieal fitness NB9N13 M3OIIUIUTOULIN

Mgalun1sAwIn anvaeaina1ilisendnN1siaiu local optima %30 local trap

2.3.2 Particle Swarm Optimization

Basdumaiiafian §e38  Particle Swarm Optimization (PSO) [8] LHunszuuns
meta-heuristic WUU swarm Intelligence  Ingfimsdumenouiiafigauuuliffouly dnou
YosnsTUILNMIARAeslsituIngUITas (objective function) BsfeeniuuaInTnsonUY
mMmAnnniigavidetiesiianfld 3813 PSO gnAnAulae Kennedy wag Eberhart Tudl 1995
TnonsAnwandnunizanstumensvesiun  Faunasdulumsiwmisiiaundnlugaasunas
mmaﬁqmuauyaaﬂmm wazildnwaznsukuunIEnauil Qquﬂmdwﬁ?uﬁmiﬁﬁzgiywmﬁd%
Tunsemsiudsiunmisifiowns uasdoufilufunasensdus nuuAni Sudufiuives
B3 PO Fuummdnildlunszuaunis PSO Hude s wagAauE Taefinisdum
fnaudemslioynia vie particles $iwauann Wiinsiedeuilussifuiidum  (search
space) Iflafuvndmauiipdian annsnsAnMABIUIsUURLassuTue YA fianunsnand)
Funlaasfianisvetautedld () wazd@unsnansinusalunsnaouiivesmuedase (v)

'
I aa

WONINUWITNTT PSO azdimsAnnmuamesiinduingusyasnaenan Wenuindueifoz

[ [ £ o | Aaa =) a ! ¥ [ | aaa Y
IALNUVDUAATLNUINAVIAVDIAULDY N3IBLIYNIT Pgest RS UBLAALNUINAVFAIINBUNIAYINA

q

WITYNI Ggot

Vit =l e (ph = XE) +1c, (g — X )(E) (2.5)

x{j” =X; +v}j+1 (2.6)

aun1sfl (2.5) wamstismsiunanuisilunisiedousiveseynia a dumisdald(v™)
o Ao o o . . t t | o T Y

il w ABAIAMLAeY (nertia) , I} waz I, uwnumddavwuvduiiduuin uas ¢y c, wiu
ANIFNUTEANTYRIAILSY P UnuAvRIiUNINATgnreseunIAty uag O wiud1ves
AUV NIAAYBINEUNTA

Tuaunsh  (2.6)  wansdanisiuasiuwnsdaluveseynia (™) nRauINTes

t+1

untstagdu (x; ) Aumnudidaluveseynia (v;") Tnadunauinluguvedinines Auans

Iugﬂ‘ﬁ 2.16
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Pi(t
}i'\ka /,f ()
,?__@’ )
_ _———b-. xi(f+])
= J.’, _____________ - -
() @ Vit +D
\,..\.x\_\. g(t),_;_(a - e
- ~
vi(f) X

U 2.16 LNMBIAIUINTBLTS PSO
] v | Aaa Y ax 9 - a v ° I a oy
TUABUANTAUMANANGANIEIT PSO UaRIagunl 2.17 LagluauannnismmvuaaL I
YDIFWAUIOUATA AT TIUIUBUNIA AZIIUIUTBUNINTAALUMIAIUIN NSNS
nszuuMsanel r Tugae 0 89 1 wazisudumsawnaiausidaliyeseyniaiug oy
- Y = o I o @ J ::4' Y =
aunT1sN (2.5) windernuanriusn lgaseum At auaunisi (2.6) asaadeunisidii
Ao

VBULUIANAIVUAYDINGUBUNA KaIDATUNIIAIUIUAT fitness function YINITAUMANRATIGA

9
(%

YDIDYNIAUARZAILAININUAAIRINAITUAT Poege ‘wé’amﬂﬁ?uwwhﬁﬁﬁqmmﬂammﬁq
NUARTI VLA LATUAY Ggeg %umauqmﬁwEJﬁamimmaaudwmﬁﬁﬂmmﬁaL'E"aulmmi??uqmsuaq
NNSATUIUNI B ﬁuﬁaﬁwuauaauuwnﬁqmmaamiawg'] mﬂé’ahjﬁqa"mauﬁaumﬂﬁqmaqmiw
%1 Thunduluiinssuumsdumdely wivinfshiuiusevinniigaveniuiiuda andumaiate

iy ) | Ao v
AUNITUIUNITAURIATAVIEZRNIEY PSO
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\V/
Avualif j= 1
[

=

+1

X/

° ' @ P
FunAIANEIINEaNNST (2.5)

\:

FuanmLdanaunsi (2.6)

j teeindn dimension

g5

=i+ 1

I fioaindn 4w Swarm

Jszifiuenves fitness function

v

Smavan PBest Tmidlefinidnduly particle 1u

\

Swiaven GBest lmidlaAninandily particle visun

il .

feReulanisvgn

NEANTTLIUNT ]
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2.3.3 Ant Colony Optimization (ACO)

BNsAUMAITANERA 67835 Ant Colony Optimization (ACO) [9] unszuiunis meta-
heuristic WUy Swarm Intelligence LJu3sn1smAnATanlaeldimalinvasnuiiazilu 35013
ACO gnAnAuAulag Macro Dorigo Tl 1992 JULUUMSAUNITDIIE ACO 11INUUIAAYDS
ANSAUNIDINITVDINA TUVUESTAUANIEIAUNIBINNT UaksazalvzidnisUasslsluy
(pheromone) #el3sznangymeniau Wedmsliuadinall a1nn1snaass double bridge Tawdl
g1segisvuzviniliiuiun finsasieduneiiviieeniuasilawazyiinismeasddiun v
INALAUIVDI5I0A LU S UL T 01115 Taenienuveeeniduassilatiinnsvinnaasals
sygen9vadsmazilalidvinny 91nnsnaasalnuin TuTI S NUAALLEDNLAUTIADILAUNINDUTS
Wanunduniglunaninazisnsinisndsilsluuiundunuluale Weuasida lunulidunia
TafiAlsluuNwaznIfagidand@unistud nsunisiiunsludidiunianionis dailausunu

a X a a I Y & = T A
UALNNUINTUUS U U LS LU UAZUINVUNMEUNIUUBEINTIALS AT UNY JUN 2.18 LanInanis
g A a @ Y1 =~ a [
nnaed double bridge LHaANYINGANTIUNIIMIBOIMITVRINA AUl WA THIUlU A

a |

dwmddlugy 1, 2, 3 ssnuinfnamisnguuaiundvideniiuiiosduninieayinty sy

Aaa i = =

dunnnangnresnguun luniteradudunafidunaauaziinnninvesenmsnnaniuies

9

5UN 2.18 MnAaBa double bridge LitafANYINGANTIUNTIBIMTVBIUA [9]

TUdIUVDINTAUIUVDIID ACO ITUAUMBAITAVUAANITUALAIIY Lazdd19AINBUTDY

LA UNNNINUANUABAREFILTNLG NAINNTULSUNITAUNLAUNILAUTALUVDIUA WSDUN4
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YFudgerilsluulumuisnisvseneulaidmuall wastunaugaineAanisns19geaunisidn

Feoulunsdugaraenssuiunstules

= (1_p)Ti,j +ZATilfj (2.7)

aun1sfl (2.7) wansflanisdnuamAivesillsluy o vewadii k e p AeA1lugis 0

fe1 ) Arf Aerwedilsluuiuasuluniervesiilsluungnudesoeninsewitamstiues
MailArvesilsluumuasuluny Yusgiviauladmisnd 2.1 Weuadunislunuveu i, j 4

gndeaudiAvesillsluvasdsululudwnduiudssognsdildlunisindeud (L) e
szoymafiundeadulumeising rvesillsTuuidesulUasiines uivinszozmaiundos
Aulumomaduszosmeiidu avosillsluuiivdsuldosde 1ANg9 WAMNUALANEENUBNIN

dumnsnuaey i, j udatiu Awesilsluuiiudsuluagnateadiusda o

M15197 2.1 wanadeulvwesailsluudidsnly

AU wouly Avesilsluuniasuly
1 UALAUBIUUIAUNIINILVOU 1] J—
i
Lk
2 U9 Atfi =

JumaugaTendInmsfwamilsluufsnisAwnmatruiaz luresduniswes

uALAagdl aunsuanINsAIMIMLansluaunsi (2.8) e 7 AeAvesillsluuluidunig

g 1 C e s S
Wus 7,; A8 heuristic information %138 7, ; = @ AaAdNUsEAnSveslsluuLas B Ao
y
P YRS aa A v A 1 @)
gndadunagnsuedds ACO AardunisiiAIANazdy

Qd

WUsEANSYs heuristic ldUNaART

(z.))" (1,;)”
P = L) L) (2.8)
" Z((Ti,j)a(ni,j)ﬁ)
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2.3.4 Artificial Bee Colony (ABC)

'
oA

Fsdumnaiiadign fe38  Artificial Bee Colony (ABC) [32] 1Wunszuiums meta-
heuristic WUU Swarm Intelligence 1ag Dervis Karaboga TuU 2005 n15AUIMU893I5A1S ABC

Wy odengfinssunIsmesveEaegluse WerwaewnatmsharasdyIuNITLMEN

(%
[V

9IMsNRmEANwazNSWUYDIHNLe Inenielusila aunsaudseentsidu 3 nguss

ee 2D

1. nquileau (Employed bee) MnthfilumsAunILvaseImnsnsa

=

N

UszilluAMNMYDIIMINNY kazkandoanaIenNsiunglusai

14
=3

2. nguRaEg (Onlookers bees) vimiilunissuteyanlaainiasnun

9

Y

NYaLNITAUVBIRGY katUN Tl UN1SIEB NWNEAIDINNT TILNEIBINNS

=p

= a A [ ! aa 1 I
NQQJﬂ’]WLLaSNUﬁJ’]ﬂJN’]ﬂ ’ﬂ%L‘UULLMﬁQ’e}W‘VI’ﬁWNﬂ’]’MUWQSLU‘UIUﬂ’]iQﬂ

LADNE
Y

3. NEUHENT39 (Scout bees) yhmthilunisAummasemishne Wenui

Ysuuemsiisnunmlauuligdnisidsusladidluianeanaau

nsld3snns ABC 1 Tuduneudinguianiginnuiedenuuaeimsidanuniozdugs
w1 Uu3snswuvdrasdegian Jaensasiilonianagliunatermsininuinazilunagionms

YpEUNY

Xy =1 +rand(0,2) *(u, 1) (2.9)

AUNNTN (2.9) WAANDINIIATINAIYBINGUVIUNGAIDWNT (X)) 18 | unuAIveUae u

WUAIYOUUY ka2 rand(0,) dnuAduvasiuaulugie 0 fs 1

Vi = X + 8 (X = Xi) (2.10)

aun13N (2.10) wAASTINITANUIUAIVRINGUTBIIER IS (V,,) We X, wNungy

VRINAIDWNTAYL ¢, wnuAguvasiavluga [1,1] wag X, WNUAIUBILNaI0IMITULEY
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. 1.
fltm(xm):m, |f fm(Xm)ZO (211)
fit (X_)=1+abs(f (X ) if f (X )<0 (2.12)

AUN15N (2.11) way (2.12) kanaDInIsAmIuUIuAN fitness function TunsalRHanduyaaLras

a1 I a1 a o w
215( (X)) UANWJUUIN LAaZUANRAAUAINAINU

NAIIINNITAIUIULNEIDMITIUDINITAIUI fitness function Fadunszuiun1sAnaTu

X X A | I3 U oA Y] a a
‘UUﬂaquNQ\ﬁu ﬂEj]lJﬁNLE]W@J"\]%E’UI"\]V]@qﬂaqﬂuq"ﬂgLUuﬁLUﬂqiﬂﬂLaaﬂLaumqﬂ‘V}LﬁngﬂMWQW

fit, (X,)

Fa g
> fit, (X,)
m=1

m

(2.13)

nsmuanluaunisin 2.13)  andunisividauiiaziluaindnsidiuves fitness
function YeIWnAIINITUS TUNATINTB fitness function TARNSFAYENgNIERNITTAIY

1 I ~ A PN o saa . a o R &
U']f\]%LUUVI"WQﬂLﬁE]ﬂN’]ﬂVIZ‘jﬂ VUNAANWENUAA fitness ll']ﬂ‘l/lfjﬂ R INNILUIUNTITIUGTIINNUAU

2
1 =~ 1

deonauisulianunsamunasemsiaduls nguilsnwraiuasgniuisuiunguitesd1sie

q
(4

\aguunrasensrolUaunIIzdseulunsduganIsviurasiusun sy
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Aawv ad ¥ . .
2.4 37UYNLNYIVDY (Literature review)
= a o d‘ d‘ v 1 a a o QII QII v o ] 6 a v

INMIFNYINIILMALITOI WU Beddelneitesiuiueuananalsnide wag
fn1suiulgnsnistussuunisiauresue uaatulurainaigds Daniel D. uazmAny [10]
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EUVNINSLAROUNTEIUELAINTS Dijkstra’s  algorithm audinswaiunusulsadu A* waz
USuuge A 0uds D* audhngisnisinanindaue Tnewdhmanefienauwnudunsiiquiian
Felanannslusimulationwagexperiment U193113T8EN151138015 RRT 11USuU3IN1511900U
} 7% d' d‘ o % 1 d‘ d‘d U £ o aa
iunaMsedeundmsureualulsuanamn sSUALKUTNANFUgoU N15U135N15 RRT 1
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3Ty [11] lednaweisn1suiuysadd RRT wisanmsvitnuigdeutaslidrgidmuneiiaula
Tagnaassnivldaninuindsundudou walanadwsidunuinela @elu [12] dn1509nwuU
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Aty donldnisii ACO inUfusalenmINsHuduNINsIAdeuTiveajusud [27] Xue Y.
uazAlz 1138 ACO nraunauiy A* Tagnthiives A* Aomsnndumanaglyi ACO ¥ins
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d =d-R-r (3.2)

2
Y o

NI UULEAUDANNITIMLUNTBI1 Obstacle avoidance function (OA) waAdbUaNNISN

(3.3) Ineen o WnudnuanuInioglugie (0,1)

OA= maX(l—a*RdT,O) (33)
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Linear Cubic-spline
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f (n) = g(n)+h(n)+ S*OA(n) (3.12)
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241| 242| 243 2a4] 249 246/ 247) 244 249 252 253} 254] 255| 256] 257 258 259| 260
221| 222| 223] 2241775 226 227[738] 229 2 232| 233] 234] 235| 236/ 237] 238] 239] 240
201 202| 203} 2 206| 207208 209] 2100218 212] 213[Z1F 215 21 218 219] 220
181/ 182] 1831 186 187] 184 189] 150) 154 192} 193} 284] 155] 1 198} 199] 200
161] 162] 163] 164] 165] 166 167 1681 169] 170] 171 172] 173| 174] 175] 176] 177] 178] 179] 180
141] 142] 143] 1. 146|214 149} 150§asl 152] 153] 154] 155 156] 257 158] 159] 160
121 122] 123 12 126}1 129] 13009304 132] 133La34] 135] 136) 237 138] 139/ 140
101] 102] 103] 104]705] 106| 107[108] 109] 110[ 111} 112] 1137234} 225 116]117] 118] 119] 120
81| s2| s3] s4 36| 87 89 92| 93 95| 96| 97 9s| 99100
61 62| 63 64 66 67 69 72| 73 75| 7 78] 79| 80
ay| 42| 43| 44| 45| 46| 47} 48| 29| sof s1] s2| s3] sa| ss| se| 53| ss| s9| 6o
21| 22| 23 2 2 29| 30 32| 33 35| 3 38| 39| 40

1l 2| 3 s A=d 9| 10 13 15| 16 274 18] 19| 20
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SUN 3.11 wansiuniaodnin 347 udunagniudenidunisluduinunisdenia 267

nNN15AILI fin) Tuaun1s (3.12) wagmuuabi OA = 0.1200 LHaWUAILAUINSANTIAINA

96987 hay OA

=0.2400

L DNUATLIALIN

IANUFINAVINABD

a

H9 aglén f(346)
1+5+0.1200 = 6.1200 s unusnsa 346 Asumsnsa 327 agld f(327) = 1+3+0.1200

41200 uavAIWmMLInsA 348 agld f(348) = 1+540.1200 = 6.1200 @aziulaindundansa

327 fien f(n) deedign Felesudentmdusumdsinluly modified A*
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381 382| 383| 384] 385| 386} 387| 388) 389 390/ 391) 392|393 384] 3950396 397] 398] 399] 400
361] 362] 363] 364| 365] 366] 367| 368| 369]370| 371| 372]373] 374] 3754376| 377] 378] 379 380
341| 342| 343| 344|345 348| 349] 350| 351| 352] 353] 354] 355 356| 357] 358] 359] 360
321] 322| 323 324 325] 326[327] 328| 329] 330| 331] 332] 333 334] 335 336{ 337] 338] 339/ 340
301] 302| 303 304]305] 306 307 308 309| 31 312| 313|314] 315/ 316317 318| 319|320
281] 282| 283 284 286| 287/ 288| 289| 290] 291| 292| 293 295 296 298| 299/ 300
261] 262| 263] 264} 269 2 269| 2 272| 273|274 275 276} 277 278 279| 280
241| 242/ 243| 244 249 246[ 247, 249 254 252| 253 255] 256} 257] 258/ 259/ 260
221 222| 223 224[775] 226| 227 229|2 232| 233] 234] 235] 236] 237] 238] 239] 240
201] 202| 203] 2 206] 207 209] 219 212| 213[218] 215| 21 218 219 220
181| 182{ 183[1 186| 187 189 150 192|193 195/ 196 198|199/ 200
161] 162 163 164 166|167 169] 170] 171} 172] 173] 174] 175] 176] 177] 178] 179] 180
141] 142] 143] 144) 245] 146} 24 149] 150 152} 153]154] 155 156257 158] 159| 160
121]122] 123] 12 126}12 129130 132{133 135] 136} 137 138] 139/ 140
101 102/ 103} 104[365] 106 107[108] 109] 110] 111} 112} 113[724] 135 116{117] 118 119 120
s1| 82| 83| 84 36| 37 39 92} 93 95, 97 93| 99100
61| 62} 63| 64 66| 67 6| 704 1 7221 73 75 78| 79| 8o
41| 42| 43| aa| 4s| 46| 47| 48} 49| so} si| s2] s3] saf-ss| se| 57| ss| so| 6o
21| 22|.23 26| 2 29}, 30 32| 33 35|.36] 34 38| 39| 40

1] 2| 3] 48l 6 o| 100 12] 13424l 15| 16] 27 18] 19 20

JUN 3.12 dunistodnin 327 Ngniden uagniudenidumeluduinumiaiensa 267

mng‘dﬁ 3.12 9 nnsfisunyenia 327 lesuiden aswuindunisiiaztiunisain
funien3n 327 TUdsunuatmung 267 agil 3 madenAsdlnuinga 326 fLnUINGA 307
uaZAILMLIATA 328 Azlen f(326) = 2+4+0.1200 = 6.1200, f(307) = 242+0.1200 = 4.1200
way , (328) = 2+4+0.1200 = 6.1200  Fs9zlamuninia 307 fidal fin) ﬁaaﬁqm Falesu
Fonldushumisdnluly modified A* U7 3.13 wanssiuwiisn3na 307 31nnssumiisnie
307 I95uiden aznuindunsiiasiiuvisaindiuma n3a 307 Wdwhuniadmune 267 asd

2 Madionfiedunnga 306 wazsuiania 287 lagiidiunusnia 308 dugninagludiumia

'
a

Fefna1e Fslddhaniansunlunisauiandunianaden aglaan f(306) = 3+3+0.1200 =
6.1200 wag f(287) = 3+1+0.1200 = 4:1200  @wzldiuvanda 287 Aan fin) Heuilan s
Iasuidentsidudunmisdnlly modified  A* 5U71 3.14 uansiunisnda 287 91nn159
frwnian3a 287 185uiden aznudndunisiinzdunisaindiundinia 287 TUdaiiuns
Whune 267 2zl 3 MMUG0NADAILAUINTA 286 FILULNNTA 267 WazALUUINGA 288 Aglen
f(286) = 4+2+0.1200 = 6.1200, f(267) = 4+0+0.1200 = 4.1200 wag f(288) = 4+2+0.1200 =
61200  Fsazldsumanin 267 fiflen fin)  devitge IeldFuidentiidudumisdaluly

modified A* wazilusuniathmnedig FsduganszuIunisnIsAIwIn modified A*
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WatiuUsEansa nvekuUInaes NUIdeldvhmsfnwmaArnunaiaaisuionainlu
pluszuu Bawvsesniuaesdiufie ArnuaaInAaouinINEWYesInTaLRaTesiuUd

D9EIAATINN LAZAIAIILARIALATDUVBIRILIUINITIAT UMV UEUA $1WITBTTARLAIAIY

AanmPaaulusyuUsall
1. WUAIAUARIAARBUINNYUTDS INTLEZUNAT +-/0.2000%

1 I~ 1 1 c a a PN o 1 (% a{'
A1 d, ABITYTVNIIMNNUYUANIEINAVIN Tugun1sn (3.2) QBQﬂUiUL‘U‘Nﬂ’]@QaﬁJﬂ’ﬁV}
(3.13) e d
+/- 0.2000%

Aoarluaunisi (3.2) waze1 rand(—0.2000%, 0.2000%) Aargulug

r_ideal

d - d|r7ideal +d

r

*rand (—0.2000%, 0.2000%) (3.13)

r _ideal

2. WILAIAINARIAAROUYDIRIULNISLARBUN VI LEUANAY +/1%

AnsiwmLIveiues (robot position) a valztiu azgnusulMdudannish (3.14) e

1 o 1 4

robot _ pos ADAIA LU YOI UEUARIN | AALAULT | U UUSUU LATAT

i,j_ideal

rand (—1%,1%) @erndxlutag +/- 1%

robot _ pos; ; = robot _ pos; ; ., + robot _ pos *rand (—1%,1%) (3.14)

i,j_ideal

NTUABUVBIITNTAITUN 3.9 2ziviudn Reulvnsiwiadunisiigdeuiuveiuaud

A Y 1 (3 4{' A | (3 o - o oA !
LazlienliueuANgANISIARoUNTY YUBUABIINYANITLAROUT & AU liivanzay

& = v v v H4 A 9 1y =i Y a o A o

wananil msidenldnisAumidunisnduiigaeislaldidunisiivasady »uideldiuuss
FAMINUHUFUNIINTIAT RN U B WA lan N5ty modified  A*  LiAUNILEUNIIN
Unansungauidsnslassegnsimngauuayi artificial bee colony (ABC) anldlunisAum
D o a [T c o A = % s v < v & 1 s
iunenfianudsslunisyuiujueuddidusnniga meflandu RC o vasziu Tiiluvueuan

sonhluihdnssuiunsAumdunislntaie modified A* dawandlugun 3.15
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AmmiumkEiarwuuegisalusai

Auad ey
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A e
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= 1 P LY o o ai =
[ LABNWUEUR Y AlnRuaaun x HINNAA ]

=

[ dpaudidun X Wnjusuddon y ]

\

] HunEunnsiadnasdioa Modified A* uaz NYANTIANDUITIA TN
x=x+ ] L
,P ABC search audaiumialilaanda

y = next available y ]

AUNTEUIUANT

sTuZAYNRDLREING

Auuiauaz i ‘ @ )
TSN Aamsundunading

Litlaeasiy

k5

gpvinaudiald ]
4
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=
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[ anuziand y Hu available ] [ Ao loading ]
14 e |—
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YULUALARDUNIN
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dhuanauan

AuanasAfauisNIE M ]
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2 o= =
LFUAUANEAN TR
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SUN 3.15 TUNDUVBIDTNISUIAUNNNISPRDUNTANAAUUANINWLINFBUNLN UL UALINNIN 1

Y 9 9

1 13

ygunLuUly OA TunisravAsiauawuueen wazly RC duSuniduni1anianudsalunis

9

YUTEN TNV ULUAGIAR

' '
= =

TUADUNITAIWINNTAUNIEUN 1IN AL dbun s YRR UL UAGIBUIINTIdAR I8 ABC

q

1%
[y

11 BBUAUMIYNITIUUATNTUIROUT2EIA (cost function) taeanuidetisankuuilenty Risk of

q

[

Collision (RC) LaunuANFTUSURITEUEMITEnIvUeud Aandbuaunisn (3.15) e S
Jueasiives RC TusAdetidanldian 0.8000 d, AoszesniieseninaiueuimenIsAIuIn

Manhattan distance Tugun1sil (2.2) way 7 AeAIAIITEIERIIdIU RC uideilidonldrn i

Ao 100 LWuASudY
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RC, = max(l—,B*i ,0) (3.15)
n
aseil 3.2 wansleuluvesen RC
aeudi Goula A1Y8Y RC mMsUszfiunudes
1 d ey Wlng 1 fiaudesonisyuunn
2 d 11n 0 finudsssonisvuiios

1%

dlarmue RC Ty cost function 989 ABC 1u3defidsinnisesnuuudoyavidiuas

Toyav109nNABINITINNITAIWINLUNTEUINNITVDY ABC fanandluauniIsh (3.16) e

Toyavndibidudunimewiugudusassn o vy wavdoyarisanilueves cost

function Ntieedign

Output(Cost, Location, Robot _ no.) = ABC(Robot _ path) (3.16)

N3AUMIUEY ABC 2£ldian1sAma fitness function fiaunis (2.11) FaulleUssandidn
AuTangu RC 1aa aglaan f(x)=2-RC(x) aunuan aglagunis fitness function AY@NN1SN

(3.17)

2 (3.17)

fit,(X;) =m
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Low f(x)

!

High

Cost value

Robot (High risk) probability
obo
sl Location

High f(x) . Low

(Low risk) L= - probability

Robot no.
Input ; e
flx)=2-RC, ﬁf!(Xl):m R,;:# 5
‘ > it (X,) utput

JUT 3.16 NT2UIUNIINIAUNLIUNNNTANIFSW DN TTUYLEUADUINNNEAMIY Artificial

Bee Colony

913U 3.16 uARsTeNsEUIUM AU UaTTia B Aeee N s TUuE U LA LN TIgN
¢ Artificial Bee Colony Ingisusuainnisthdeyavdnidudeyaveadunmsiusudnnii o
g wEhanduIama RC 3w RC Tnn wansfsaamidsslunisvuiigs wase RC 7
tioe wanadsamdedlunisvuiitos ndsaniu then RC Ssgnimuadu cost function Tuld
Tuansnnsmen fitness ¥e1 ABC @aazlein idumsifiansideslunisvudigs azleien fitness

d' o aa a A o a 1 A v & A o ) ° ]
qul LLazLau‘VI’I\‘WIQJﬂ’NiJLﬂ&lﬂumi‘tju‘ﬂm 9gUA7 fitness MUY YLUDUIAT fitness 11]@']14!'3@“?]']

a1 1 = L %4

1 ) P 1 I A . P [d =~
ANUIILLUU ﬁwlmmm’mm%mqu fitness NAAIUIN LAY AINUUIILLUULAIUDEY LUD

fitness  dAYUDY TanaLRALYRINIAUMIABLAUNIINAAIEsluAITVUNINTAR LieLdng

Y

ATEUIUNSAUMLEUNIdTmimaly
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uni 4

NANTISNARBILAZNISIATIZHNANITNAAD

NAENSINNITNARDIUUY 1 B1UsUd fensFunLdunaiivasadoigade PSO
Busuves PSO fignldlunismaaesiifie A1 iterations = 200 50U d1waugaiilise 1 Eumade
30 gakazdwIUTEEINslu PSO %38 swarm size  Aa 200 Aglianinuindoudtaasuuin
20x22 unit’ 181 inertia weight =1 wawA1U83 inertia weight damping ratio 71 0.9900 A

acceleration coefficient gn set 71 1.4000 wsziluanfiviliszuuinnsfumediiniingn

Start point
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20 L N m
" e aen
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X EB:0E
\ R BN
j BiE 8 00
L e LR R

Target point

sUN 4.1 yasusunazaid e lulsuilusuudnaes

D
(|

EEEEEED
‘EEE DN

“HEEEEE
EEEEEE

=]

NN s A

P

5 0 20

sUN 4.2 yisusunazadmungluunuiluwuudiaesme linear interpolation
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20

U 4.3 yasusunavgaidaneluusuiluwuudnaessie cubic-spline interpolation

91N3UN 4.2 uag 4.3 wunmsiaentd cubic-spline interpolation WWlildun19NsUTY

nIThukuuTIaosYuiu WavaIngun 4.4 uaz 4.5 ANUILUY cubic-spline interpolation Ul

v =

A1 fitness  wagA1 OA  N1ANGUAY LTDIIINATTAIUIUNITASILEUTDY cubic-spline

'
=

interpolation lwiuudng 3 FefidnuwaziduidulAc Jsluaseon

a =
INANTNN 3.1 29
R+r

iliien OA gutnen 0 lawnnil wavaldeves cubic-spline interpolation Aalugawsne azdall
annsovnidulfidesinnugaideniiuly Fseadamalininedouilugasgansng tu &
Arudssgaionisry suideiiehnnfsdnuyaimuanaentasain 100 gy 200 99
dielisreysgvingaduauarlemaniawataluaausniivosiing Sswanismnaadduzuil 4.6

wag 4.7 uansliiufsuseans nmiadulunisAum global minimum

Fitness function on each iteration
1000
900

800

700 \
600 !
500

400 {
300

200

100

Fitness function {unit)

R L R = T, N BRI R Y,
oo -HANANmMY DO~ ®
A A A A A A A A Ao

193

e Fitness function_Linear == Fitness function_Spline

JUN 4.4 Aves fitness function Tuusag iteration WisuWEUTENINN linear interpolation fiu

cubic-spline interpolation



QObstacle avoidance function on each iteration
045

0.35

Obstacle avoidance function

U 4.5 A OA Tuusiag iteration LWiguileusening linear interpolation fiu cubic-

spline interpolation

Fitness function results on each condition

\

Dpoint_100 Dpoint_200

Fitness function (unit)
~l 0 = <] 0 00 00 D w0 =]
00 o N B o 00 o N sy

| NEar  sssss=Spline

JUN 4.6 A1ve1 fitness function W3gUIIEUTENIN 100 9AKAZ 200 30

Obstacle avoidance results on each condition

003
0025 \
0.02 \
0015

0.01

0.005

Obstacle avoidance function

Dpoint_100 Dpoint_200

| inear = Spline

UM 4.7 A1wes OA WWSguWigusening 100 3aua 200 90
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Na9NIARAT setting  MnuNzaNaInA191@enly cubic-spline interpolation  39¥vi1n1s

=i Y

= a ! Ay Y] Aaa Y - aa Y Y PN
V]ﬂa@ﬂLUiEJ‘UW]EJ‘US%‘VT'J']Qig‘U‘UVW’]u‘W']LﬁUV]'N‘V]ﬂV]q@?’U']ﬂLﬁum']ﬂmau‘ﬂﬁﬂﬂ‘U'ﬂﬁﬂ']iﬂu‘ﬁ']LaUV]'NVI

q

¥
av A o

Uaendefiganauideiiiiaus

I I
20 B 5 B8 =@ @3 20 H & B &3 &3
o @BEDEE » FERENEE
ol Dl EFEE . BB EEN
: B@Enm | s Sl EEB
| a8 : I’ 0 0O
. /AR-8 88 1 : BiD ND B
B e . BE B EA
Shortest path Safety path

Y
[y

JUN 4.8 SNEUAFUNINNITAUMISENINNTAUN AU INEUTEATUN TAUNEUN 19T

Uaandanan wuuil 1

Y

1NFUN 4.8 UAAITNANYULIDUTUNINITAUNIINNTTNAABILUKUUIIRBIVD 1T B

LEINUTNTEELNNTINVRIN S IEUNEURgadu 18,8100 usnsudunisiivaensiengd

q

=

(%

22.2900 FedlA1HINNTT ueAIAIEEIBNITYN ¥IRAT OA Wi lun1sndunendunaaiial
0.1650 usinsAuMIMEduNaUaendengatuiaiiies 0.0070 Fwin1snaaesiuluwuud
wanseeenty 91n3UR 4.9 Teszazmesinidu 21.8700 ke 25.5100 LIS MIAURIEUNIATI&Y
gakazn1sAunLdunanUasadenanniuainu way JA1veiaudewanisvunsed OA ves
Basrundunsnduiigauaznisunidunivasndengaiandy 0.2244  waz 0.0081
muafu Tugy 4.10 Alinadnsluiieniafeadu I8n1sAunndunandungauaznisaum
£ a o A < ! ~ ! <
duneivaeadenga 10w 21.7500 wag 28.9700 uazArAudession1syully 0.2062 uay

0.0083 MIUAIRU
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Conventional method Proposed method
(Without OA & ABC-RQC) (With OA & ABC-RQC)
20 20 3817 382" 383" 384" 385" 386 39073917 392 396" 397" 398" 399" 400}
19 1 19 a1 382 363 364 365 366 370 371 372| 376 377 378 379 385
18 18 341 342 343 344 45 346 347 348 349 350 361 352 353 354 355 36 357 358 350 360)
17 21 322 323 324 325 326 327 328 320 330 331 332 333 334 335 336 337 338 339 4] 17 a1 szz s an] s2s ze] 2] 28| 2o o] o1 | 552 3o oA [ 338] %6 387 338 339 34
16 301 302 303 304 315-31a 319 320 16 301 302[303[ 300 306 307 308 310) EBEE ) :ns-:us 319 220|
157, wmmmmmmmmm 15 281 282[783] 284 285 286 287 288 289 200 291 292 203 204 295 296 297 298 299 300
14 261 262 263 264 [ 266] 26 260 270 272 273 [l 275 27c [ 27¢ 279 280) 14 261 262 266 267[ 260 270 272 273 275 27o ) 278 279 28]
13 241 242 243 244 13 s 22 246 247N 240 250 I 252 m. 258 250 260
12 g1 222 223 224 12'zz|mmzz:zzszzszzwmzzozaomzzzmzumzaemmzaom
1 201 202 203 204 209 210 212 213 215 216 218 219 220 1" |201 202 206 207 209 210 212 213 215 216 218 219 220
10 .\BI 182 183 184 189 ‘Ml 192 ‘9]. 195 1%. 198 199 200 10 -!5| 182] 183] 184 186 187 189 ﬂﬂ)l 192 193. 195 \%. 198 199 200)
9 >‘6| 162 163 164 165 167 168 169 170 171 172 173 174 175 176 177 178 179 180 9 '!G‘ 162| 163|164 165 166 167 168 169 170 171 172 173 174 175 176 177 178 179 180j
8 -hﬂ 142 143 144 m 147 149 150 152 153 155 156 158 159 160 8 'hﬂ 142 143] 144 146 147| 149 150) 152 153, 155 156 158 150 160)
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Conventional method Proposed method
(Without OA & ABC-RC) (With OA & ABC-RC)
20 2036!3623&1!8‘35&!65 390" 391" 392 3967 397" 398" 399

=
©

[361 362 363 364 365 366 370 371 372 376 377 378 379 380)

-
®

[341 342 343 344 345 346 347 348 349 350 351 352 353 354 355 356 357 358 359 36|

ﬂﬁﬁﬂﬁﬂﬂﬂﬂﬁiﬁﬂﬂﬁ 336 337 358/ 3| 349
<] Fq

=A oA oaioh
200N

266 267| 269 270| 212 213 275 276
246 247| 249 250| 252 253 255 256

-
w

[241 242 243 244
12 g1 222 223 224 229

S

220 230 231 232 233 234 235

=

1 201 202 208 204 200 210| 212 213 215 208 207] 200 210) 212 213 215 216 218
10 [1g1 182 183 184 m. 189 \90. 192 ml 10 Iy .uys 187, 189 vvo.xez m. 195 ws.

9 161 162 163 164 66| 167 168 160 170 171 172 173 174 175 9 [

8 a1 142 143 144 147] 149 150 152 153 155| 8 146 147] 149 150| 152 183 155 156 158
7121 122 123 124 m. 129 130 132 133 135 7n 126 zr. l 132 ml 135 usl 138
6 101 102 103 104 107 108 1090 110 111 112 113 114 115 6 I 103] 104 105 106 107 108 109 110 111 112 113 114 115 116 117 118
S5ht a2 & & &7 80 9% 2 o 9 5

41 2 & & 67 & 70 72 73 ™ 4T .sa 70 .72

3 2 4w 47 48 49 S0 51 52 183 54 .88 3T a3 nnn a7 48 4 %0 51 52

20 2 n u 27 2 % 32 a8 35 2 &

A2 13 [4 7 9 0 2 1 15 i

0 12 3 456 7.8 910 1112 13 14 _15 16_17.18,19 20 01 2.3 4 5 6 7,8 9 10 1112 13 14 1516 17 18 19 20

gﬂﬁ 4.12 ANWUTTOINITINLNULEUNI9AE A* (without OA & ABC-RC) Wy proposed

method (With OA and ABC-RC) mgldidnniinaesuuy 2 ugus

IN3UN 4.12 WAl AU IA NWAIZVDINITINLNULAUNIIVD91 2 F5n18ldan1nuwIndsy
| & < Py | 1) aa o v v Py oA
WUU 2 viugud uladaauan nMsaunudunisiil OA fu RC aldidunisndauniniiioan
a v va o A ia oA f a o
Anudsdlunisinlngdsfinvinenegianiglussuy nansvaaemudn NugUAAITLSIYINY
INFALVUBINIA 315 LUFIRLAUEDInss 6 193135 conventional iA1 OA 9 2.0451 @1 RC
1 0.8662 S1auFUALNAGEUT 25 uAdsnsTiaueluudTeilia OA antesaundeiiies
1.0802 fiufn RC antosaunie 0.8147 lngdruiusuniaedauilinduu 33 fusudduns
SUYN9UINANUITDINTA 318 LU unuerednsa 16 LA1135 conventional 3i@A1 OA
1.5571 A1 RC 7 0.9075 371u7uswiuamaauin 18 waisn1snuausluinuidediden OA an
Yoyaundoliied 0.7192 fuei RC antasaduds 0.8504 Iagd1uiudinnuaadauiindudy
< v ad A o av A9 v = v ) ° ' & A
20 98Ul INave S NU AN lUINUAL TLRAIAI LA LI N U YA ILATIUIUAT LA UILAR DUN
LT ULAENUINIBINTIUNTZUIUNISYRINS  conventional T4 15.9647 Fun# wedsn159

NATedvawearlda i du 20.4999 Ju1d



58

Conventional method Proposed method
(Without OA & ABC-RC) (With OA & ABC-RC)
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Conventional method Proposed method
(Without OA & ABC-RCQ) (With OA & ABC-RQ)
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Conventional method Proposed method
(Without OA & ABC-RC) (With OA & ABC-RC)
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ApsTRACT. In robofic systems, path planning is the one of tmportant processes for robot
motion. The best path planning is required for shoriest path searching that can make fost
movement af robat. However, the real environment iz not only the path from point to
point but it has ohsfacles which ave the one of consiraints for best path seprching. The
obstacle avoidance is concerned fo avoid the crashing between robot and obsiacle under
environment. In Haond Disk Drive manufacturing, the first priority is safety consiraind
Jfor non-collision and second priority is shortest path for procezsing time saving.  This
research designed the algorithm for path planning and obstacle avoidance for AGV in
Hard Disk Drive Manufacturing of Seagate Technology (Thailond) Lid by using particle
swarm optimization. The fitness function on particle swarm optimization process for
particle searching hus been integrated with obsfacle avoidance function o find the best path
Jor robat awthout collision and totel distanee to find the shortest path. This algorithm
is applied te verifying the model performance. . The simulation vesults of this research
are done by MATEAB 2006h and illustraie the good performance on different cases with
comirelled parameter,

Keywords: Path planning, Particle swarm aptimization, Ohstacle avoidance, Hard disk
drive, Safety constraint

1. Imtroduction. Currently, robotic svstem is the one of popular svstems for manufac-
turing. Many factories apply the robotic system to mereasing mammfacturing performance
such as unit per hour, accuracy, and reliabilitv. One of robotie tvpes is AGV which is the
automated guided wehicle. Normally, it has been used for transferring process because it
can move faster than people and it can work all the time without rest. In addition, the
robotic svstem can be controlled and designed easier than people. There is the main rea-
son why the robotic system is very popular in manufacturing. Hard Disk Drive factory is
one mamifacturing that applied the robotics for manufacturing process. Their purpose is
to transfer the object from station to target point. Path planning is an important section
to make robot movement in mamnufacturing layout. In addition, the obstacle avoidance is
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the key feature because it is related with safety requirement. Seagate Technology (Thai-
land) Ltd is the Hard Disk Drive mamufacturing. This factory designs the robot system
with path planning in manufacturing layout. Due to constraint on the total space, the
width of robot pathway in layout is not a large width. The rohot cannot move through
robot pathway easier. In term of safety requirement in this factory, the minimum width
of robot pathway must be more than 20% of robot’s safety region radins. The robot can
move along the path without crashing. When the erashing problem oceurred, the transfer
object (product) and robot can be damaged. It will impact the factory on rework cost and
timeline commitment to customer. Safety path is the first priority for robot movement
on this factory. This research focuses on algorithms for the best safety path of robot
movement based on the lavout on this factory. The lavout of this factory is provided by
industrial engineer in Seagate Technology (Thailand) Ltd. From Fignre 1, it is the esti-
mated layout of storage shelf. All of rectangles in Figure 1 are the storage shelf (obstacles)
and AGV station. The small cirele is the AGV. The eomparing size of distance between
the edge of obstacle (gap) are shown in Figure 1. The AGV station and AGV operation
zone are created from model of factory floor. 2 AGV stations are the AGV parking zone
before operation. It will be the start point of AGV in the model. AGV station 1 will be
used to support AGV operation left zone (left dash line rectangle) and AGV station 2 will
beused to support AGV operation right zone {right dash line rectangle). The concept of
this design is to reduce the path of AGV to make high capability on process. The AGV
size is shown in Figure 2. ais a = gr and gap bis b = g-r where r is radins of AGV region.

AGY station 1| M?ml]
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w0} (R Emy e e
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Ficure 1. Estimated layout in production with AGV

Figure 3 shows the 2 wheels AGV inside the circle. Radius (r) is calculated from width
and length of AGV by using Pythagoras theorem. The circle zone in Figure 3 repre-
sents the AGV region. This research used the simulation model as Figures 1-3 based on
nonholonomic robot. The constraint on the model is the narrow gap (a) that is close
to AGV region. In term of algorithm, many researchers studied the algorithm for robot
movement. Probabilistic concept was applied in [1]. P. Alexandros et al. combined the
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Froure 2. Distance between the edge of obstacle (gap) and AGV size

Frcure 3. Circle and AGV

probabilistic movement primitives and Bayesian task prioritization but they still need to
expand the evaluations on more complex real-word scenarios. In [2], G. Han et al. stud-
ind the probabilistic neighborhood location-point for data collection lateney optimization
and obstacle avoidance. The simulation shows better performance than the other existing
underwater data collection algorithms. C. Evers and P. A. Naylor derive the framework in
general for GEM-SLAM which is Probability Hypothesis Density (PHD)-based in SLAM
algorithm. The simulation shows good on model-specific by using range-bearing sensors
3], In [4], the obstacle avoidanee is main objective by using Nonlinear Model Predictive
Control (NMPC) in real time which represents good performance in various situations.
A. K. Kar et al. presented the navigation techniques on 2 different environments which
are normal and artificial potential function. Recalculated path is required for optimal
path to avoid the obstacle which shows high risk to effect high processing time [3]. For
motion path planning with additional tool, the aerial videography was selected in [6].
The purpose is to avoid the obstacle in real time but the constraint is the position and
framing by user only. About the path planning algorithm, the algorithm for optimal path
planning is popular because of the various environments. D). Devaurs et al. combined the
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principle of RRT and T-RRT. This method is faster than the RRT on complex problem
[7]. A. Wan et al. presented a GPR-based (Gaussian Process Regression) predietion of
deformation and method of compensation for robot motion accuracy improvement. They
can achieve at high accuracy on both simulation and experimental prototype [8]. Further-
more, development phase for path planning by using integrated cirenits was developed in
[9]. Reconfigurable Analog Very Large Scale Integrated (AVLSI) circuits are Application
Specific Integrated Cireunits (ASICs) for path planning. The algorithm for mapping ro-
bot's environment needs to be loaded onto Field-Programmable Analog Arrays (FPAAs).
They tested the proposed method on 24 environment scenarios. This is one of good studies
about the path planning. P. Grosch and F. Thomas studied the geometric path planning
for nonholonomie robets to find smooth paths but it is an open-loop method. The noise
and errors on the systems still need to consider for next improvement [10]. One of tech-
niques that many researchers selected for robotics system is Particle Swarm Optimization
(PSO) but the fitness function is different becanse it is dependent on the design concept
for each researcher. S. Yeasmin et al. proposed the point-to-point motion and planned the
trajectory for robot arm using the Enhanced Particle Swarm Optimization (EPSO). The
simulation results illustrate the optimal trajectory for different conditions of robot arm
[11]. In {12], N. Setyawan et al. developed adaptive Gaussian parameter particle swarm
optimization because of difficulties balancing on basic PSO algorithm. The simulation
results show the better processing time with smoeoth path planning. In term of applica-
tion, hybrid of particle swarm optimization with Tabu Search (TABU) were developed
in [13] for mobile robot. The results show the best performance on hybrid PSO-TABU.
In addition, PSO is widely used for multi optimal objeetives. In [14], A. D. Falehi and
M. Rafiee studied about the harmonic mitigation optimization and they applied the PSO
on algorithm with multi-objective for low THD and harmonie elimination pulse width
modulation. However, the results can represent good performance on desired situation
only. In multiple robot systems, A. Ayari and S. Bouamama studied the advanced ar-
tificial intelligence. A new Dynamic Distributed Particle Swarm Optimization (D2P50)
is the main concept of their research. The results of proposed method perform better
performance than normal [15]. L. Liao et al. improved the path planning on complex
environment by Dynamic Donble Mutation Particle Swarm Optimization (DDPSO) al-
gorithm but it is not simulation results from various sitnations [16]. N. Mizuno and C.
H. Nguyen used PSO to estimate parameters for high accuracy tracking control. Their
concept is validated by several trajectories with good performance [17]. M. K. Rath and
B. B. V. L. Deepak studied the path planning for mobile robot by using particle swarm
optimization. The purpose is the ohbstacle avoidance with shortest path but the envi-
ronment on simulation is not complex [18]. In [19), Z. Nie et al. combined the particle
swarm optimization with annealing algorithm. The incremental work is required. Y. Guo
et al. designed the path planning for robaot for collision-free path by using fuzzy neural
network on obstacle avoidance strategy and improved fuzzy parameters by particle swarm
optimization. Verification phase shows the effectiveness from proposed method [20]. In
addition, many researchers studied about the Spline for smooth path planning. 7. Wang
et al. combined the Astar and B-Spline for path planming on autonomous underwater
vehicle. Their purpose is to generate fit path based on the motion constraint. However,
their concept works on low-dimension only. New method is required for high-dimension
environments [21]. A. Khan et al. designed the coverage path planning for mobile robots
bv using rational quadratic Spline. They focus on smoothing of coverage path which is
created by rational quadratic spline. The results show good on simmulation only [22]. Y.
Wang et al. used Spline interpolation to map 2D dubins path for 3D multi-vehicle path
planning. They proposed to design the system to support multiple targets. Simulation
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results show shortest dubins with small probability of collision [23]. DL Lee et al. de-
signed the optimal path planning by using the Spline-RRT in 3-D environments of UAVs.
Simulation results show good for their systems [24]. K. Yang et al. presented the optimal
spline-based RRT path planning by using probabilistic map. RRT is good for quick path
but it is not good for quality path. Spline-based RRT is their concept to get the feasible
path. Simulation results illustrated feasibility for optimal path on system [25]. N. Arana-
Daniel et al. designed smooth path planning by particle swarm optimization, radial basis
function, Splines, and B'ezier curves. The results from their experiments show good on
complex environments [26]. M. Neubauer and A. Miiller designed the smooth path plan-
ning with Cuaternions using B-Splines. Thev compared the angular velocities between
standard method (SLERP) and smooth path generation. The appropriate method for
continuity of motor torque on robotic manipulator is required. Smooth path by Splines
can support their purpose [27]. 5. Zhang et al.  presented the smooeth path planning
using n*-splines for home service robot. Known maps with static obstacles are created.
They used 2 steps in algorithm which are MAKLINK graph for shortest linear path and
the smoothly eommected path using p*-splines. Simmlation and experiments results show
good performance [28). D. Lee and D. H. Shim used the Spline-RRT for optimal path
planning of Fixed-Wing UAVs flights. Simulation results show that their coneept can be
utilized [29]. From many researches, the new algorithm for path planning optimization
and obstacle avoidance are the important topies for robotics systems due to the various
constraints such as robot specifications, robot performance, and environments.

In this research, the purpose is to design the new algorithm for path planning and ob-
stacle avoidance to support AGV in Hard Disk Drive manufacturing. Normally, the main
purpose to apply the robotics system in manufacturing is for replacing human workers
because thev can reduce high labor cost in operation. In addition, the static obstacles on
factory-are the normal eondition that it will have more than one obstacle as station to
support process operation in proeess. Non-eollision system is main key of this research
to avoid the accidents. This research is focused on the real lavout of Hard Disk Drive in
Seagate Techmaology [Thailand) Ltd, where AGV is working in factory operation. More-
over, the path planning searching is the one of main processes. W. Ojenge et al. studied
about the Particle Swarm Optimization and Genetic Algorithm (GA) on mebile traffic
jam times prediction. Their results indieated the better performanee on PSO than GA
in case of model prediction performance [30]. C.-C. Chiu et al. compared the PSO and
GA in an urban area for the path loss reduction. Thev used GA and PSO for excitation
voltage optimization on high order nonlinear optimization problem. The results show
that the PSO is better than GA in term of performance in reduetion of path loss [31].
V. Kachitvichvanukul studied the differences of Genetic Algorithm (GA), Particle Swarm
Cptimization (PSO} and Differential Evolution (DE). The results show that GA is appro-
priate for discrete but PSO and DE are appropriate for continuous optimization svstem.
PSO shows better performance in terms of tendency for premature convergence and influ-
ence of best solution on population. In addition, the performances without local search to
reach good solution and homogeneous sub-grouping convergence improvement are the one
of good points from PSO also [32]. This main reason why this research selects the PSO is
the good point and good performance from previous study on many researchers such as
the performance to find the one of the best solutions and premature convergence trends.
However, the path planning and obstacle avoidance algorithm cannot finish by using only
the total distance along the path for PSO processing. It required the additional condition
for obstacle avoidance. The fitness function inside PSO is modified on this research to
support the shortest path without collision condition.
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2. Particle Swarm Optimization. Particle Swarm Optimization (PSO) algorithm is
introduced by Dr. Eberhart and Dr. Kennedy [1995] [15]. It is the one of optimization
techniques which used nature bird convergence concept. The particle randomly moves
through the space at each iteration. The objective is to search the best solution which
can be defined hy ohjective function. The properties of each particle are position (z,) and
velocity (v,). Swarm is the set of particles. p, (Pg.,) is best fitness value so far and g,
(7 ges ) 15 best value so far from population. The velocity and position are caleulated by
Equation (1) and {2) respectively.

vy = wv +rien (B — 7i) + rher (g ~zi) (1)
1 1 :
T [F A S (2)

where w is inertia, ry and ro are positive number in random, and ¢; and es are acceleration
coefficients. The inertia weight is decreasing funetion in linearity.

The PSO algorithm process flow is shown in Figure 4. The process starts from param-
eter initialization. The position, velocity, partiele, swarm, dimensions, swarm size and
mumber of iterations have been set in initial phase. The position number (r) has been
run in random condition between () to 1. Then, the PSO process will start caleulation on
Equation (1) and Equation (2} until it meets criteria. The fitness function or objective
function is caleulated to check the best value before continuing to the next process. All
of PSO process will be stopped when it reaches the stopping eriteria.

The vector of PSO calculation on Figure 5 is related with Equation (1) and (2). The
positive number (r) and acceleration coefficient (¢) are the important parameters on PSO
process because there are the multiplication factors on Equation (1). The weight of
vector will be changed by these parameters. It means that the next particle position will
be changed also.

3. Obstacle Avoidance with PSO. One of key processes of this research is the obstacle
avoidance and the obstacle avoidance function is designed by this research. In addition,
this research combined the PS5O method and obstacle avoidance function to find the best
solution. Equation (3) is an equation for distance calenlation between AGV's position
(zr.yp) and obstacle’s position (xg, ya ).

d= (1, —25)2 + {4 — )2 (3)
Figure 6 shows the safety region between AGV and obstacle from Equation (3) but it
is calculated from the center point of AGV and obstacle only. This eondition is enough
for model caleulation in point to point but it cannot represent the real condition of robot
in the real environment.
The equation for real gap caleulation is shown in Equation (4) where H is the radius of
obstacle region and r isradius of AGV region from Pythagoras theorem.

dp = d—R=T7 (4)

where R = 4/ [%ﬂ]g + [521]3, r =4/ [%t]Q + [%]3, w, is width of obstacle, 1, is length of
obstacle, w, 15 width of AGV, and [, is length of AGV.

Obstacle Avoidance function (OA) is shown in Equation (5) where o is positive number
in range (1,2).

d
(JA = max (l — e # R—H,D) (5)

From Table 1, the OA wvalue is convergent to 1 on high risk for crashing condition.
When the OA value is convergent to 0, it is the low risk for crashing condition. However,
the best condition is the condition that OA value shows 0 but it is only normal condition
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on empty area. The OA value on area with obstacle will converge to 0. On this research,
the results from obstacle avoidance function will be taken into account for fitness funetion
caleulation on PSO.
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Ficure 4. PSO algorithm process flow
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4. Interpolation. Interpolation is the new data points construction from the range of
known data points. The data missing between points will be filled from interpolation by
estimation.

4.1. Linear interpolation. The simplest form of interpolation is linear interpolation.
The concept is to connect straight line with data points. The linear equation is shown in
Equation (6).

y=f(z)= Az + B (6)
where A is slope, and B is y-intercept. The data in [a, ¢] are estimated for straight line
creation. From Equation (6), it can be substituted by a and ¢ as Equations (7) and (8)
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respectively.
fla)= Aa+ B (7)
fle)=Ac+ B (8)
After solving the problem, A and B are shown in Equations (9) and (10).
A= f{c} — f((l} {g)
£—a
B= f(e)— —ﬂf} — i(&}e (10)
Substitute A and B into Equation (6) to ﬁnd fib) in Equation (11) wherea < b < e
_ fle) = f(a) fley=d(a)

gy = H=L8 | gy A= (1)

Linear interpolation needs at least 2 data points for caleulation to find the coefficient
of Equation (11).
4.2, Cubic-spline interpolation. For cubic-spline interpolation, it is a piecewise poly-
nomial using not-a-knot end conditions. Abont the third order polynomial, the equation
will be shown as Equation (12).

y=1(r)=asr* asr’ + eur + 5 (12)

The coecfficients for Equation (12) are computed on each interval by using the adja-
cent data points to make smooth line from point to point. However, the cubic-spline
needs adjacent data points at least 4 points for caleulation of 4 unknown coefficients
(&3? b, ¥y, ﬁl}

The graph of data points with interpolation between linear and enbic-spline is shown
in Figure 7. The graph from cubic-spline will be smoother than linear due to polynomial
term.

Linear Cubic-spline

Ficurg 7. Data points with linear interpolation and eubic-spline interpolation

5. Proposed Method. In this research, the proposed method is the Particle Swarm
Optimization for path planning with obstacle avoidance based on the layout from Seagate
Technology (Thailand) Ltd (Hard Disk Drive mamufacturing). The fitness function and
obstacle avoidance are the new ones which are developed in this research. The fitness
function inside PSO for path plam]ing ealeulation is shown in Equation (13)

L= Z |: (T — Teg1)? + (B — T;‘H—l:'g] (13)
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The fitness function on this research is the distance between start point to target point
(goal) for path planning. Equation (13) represents the distance which is calculated sum
of distance between point to point on the path from start point to target point. (., y) is
the position in 2D space. However, the results from Equation (13) can be used for path
planning only. This research designed the fitness function for this system. New fitness
function is shown in Equation (14) where OA is Equation (5), L is Equation (13),  is
coefficient for distance and 7 is coefficient for OA value (safety factor).

F=v+L++3+0A (14)

The inertia weight for PSO calculation will use value from the multiplication between
weight and weight damping ratio as shown in Equation (15).
Wypy = wdamp * wy (15)
The searching process will be started until it found minimmm value of fitness function
and OA is in minimum valne in range (0,1). It mesns that the algorithm needs to find
minimum value on both fitness funetion and OA funetion to conclude the best solution.
The process flow of proposed algorithm is shown in Figure 8. The algorithm will
be stopped when it met stopping criteria. The minimum wvalue of OA and fitness are
concerned for each iteration loop to find the best solution.
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Ficure 8. Process flow of proposed algorithm

fi. Simulation Results. The simulation is done by MATLAB with 200 iterations be-
canse the value will be saturated after 100 iterations. More than 100 iterations are required
to find the accurate value. The number of handling points is set to 30 with 200 population
sizes (swarm size) to support 20 x 22 unit® on model environments. The inertia weight
is set to 1 with 0.99 inertia weight damping ratio as literature review. The acceleration
coefficient is set to 1.4 because it represents the repeatability of fitness value after testing
with model. In simulation, the start point and target point will be shown as Figure 9
which shows the path planning results on the model. This research simulates the results of
path planning from PSO and obstacle avoidance function. However, the connecting path
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Figure 10. Path results on model with linear interpolation

is one of important sections to create path from point to point. The linear interpolation
and cubic spline interpolation are simulated on the model of this research.

Figures 10 and 11 show the path results from proposed method on the simulation model
by using linear interpolation and eubic-spline interpolation. Figure 12 shows the value of
fitness function on each iteration. Fitness funetion values of spline (orange line) in Figure
12 are under the value of linear (blue line) after 43th iteration until 200th iteration. In
Figure 13, the spline shows the obstacle avoidanee function less than linear interpolation
also.

The results from cubic-spline interpolation with proposed method are better than the
results from linear interpolation in terms of minimum fitness value and minimum OA
value. However, the total distance (L) from linear interpolation is 25.2801 units but the
total distance from cubic-spline interpolation is 25.8663. It means that the total distance
from linear interpolation is less than the total distance from cubie-spline interpolation.
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The reason why the fitness value from cubic-spline is smaller than linear is the OA value
from Equation (5). Cubic-spline can make curve path due to the third order polynomial
caleulation and curve path effect the high ratio of RLH_ From Table 1, the OA value
will eonverge to 0 on this case. Moreover, OA is in Equation (14) for fitness function
caleulation. Minimmm OA value will affect minimum fitness function also.

In addition, the first path of cubic-spline in Figure 11 is still one problem because
cubic-spline cannot generate the point along the first path (start point to first point).
However, this result can affect the path results for AGV. The AGV has a risk to crash to
the obstacle on this case because no data point is taken into fitness function caleulation.
The reason is that the eubic-spline concept needs to know data points at least 4 points to
solve the coefficient of Equation (12). From this reason, the samples of data point need
to increase to solve first phase problem from cubic-spline interpolation results. Total data
points on interpolation process are changed from 100 to 200 for simulation. The new path
results on model with cubic-spline interpolation at 200 total data points for interpolation
process are shown in Figure 14 and it shows that the start point to first path can be
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Ficurg 14. Path results on model with cubic-spline interpolation with 200
data points for interpolation

conneeted together after data points inereasing. Then, the new data point results are
compared in terms of fitness function, obstacle avoidance function and total distance as
shown in Figures 15-17.

In Figure 15, the results of fitness function between linear and cubic-spline interpolation
with 100 and 200 data points show the minimmum fitness function on eubic-spline at 200
data points. In Figure 16, the results of obstacle avoidance show the same trend as fitness
funetion due to the relationship on Equation (14).

In Figure 17, the total distance results show the opposite trend. The total distance
results from linear interpolation are less than the cubic-spline interpolation and the in-
creasing of data point can affect the high value of total distance on both interpolation
method but the OA wvalue is reduced after data point inereasing. 200 data points are
better than the previous in term of risk for erashing. This research selects cubic-spline
interpolation with proposed method for next simulation.
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In practical situation of manufacturing, the layout on manufacturing can be changed
due to factory requirements. This research simulated the layout which is not straight line
as previous layout. The layout changed condition is referred to layout plan of Seagate
Technology (Thailand) Ltd. Figure 18 shows the path results between the shortest path
and safety path on layout changed condition. The total distance on shortest path is 18.81
and safety path is 22.20. However, the OA value that it can represent the risk of collision
shows 0.165 on shortest path and 0.007 on safety path. The result shows that the shortest
path is better in term of minimum total distance but it shows high risk for collision. In
case of safety path, it shows higher total distance but the risk of collision is very low and
it is a good choice for factory because the safety is first priority.

On layout changed condition, this research creates new layout by adjusting the gap to
verifv the model performance. Then, the results hawve been compared between shortest
path and safety path in Figure 19.

Figure 19 shows the right to left path results between shortest path and safety path
on new layout. The shortest path shows high risk of collision and the safety path shows
low risk for collision as same as the results from Figure 18, For numeric data, the total
distance from shortest path is 21.87 and safety path is 25.51 but the OA wvalue from
shortest pathis 0.2244 and safety path is only 0.0081.

The left to right path results between shortest path and safety path are shown in Figure
20. In Figure 20, the shortest path still shows high risk of collision on this path and the
safety path shows low risk for collision as Figure 18 and Figure 19, The total distance
of shortest path is 21.75 and safety path is 28.97. The OA value of shortest path is
0.2062 and safety path is only 0.0083. The results in Figures 18-20 illustrate the better
performance for obstacle avoidance on safety path from proposed method of this research
than the conventional shortest path searching.

7. Conclusions. This research considered path planning on particle swarm optimization
with obstacle avoidance for AGV in Hard Disk Drive manufacturing. The main purpose is
to develop the new algorithm for safety constraint to aveid the accident in manufacturing
by using particle swarm optimization for low risk of collision path searching. The process
step for model calenlation starts at PSO and stops when it meets the stopping criteria.
However, the goal for searching is combined between the obstacle avoidance function and
total distanee to find the minimmm results. The minimum of fitness function can represent
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Fiocure 18, Path results between shortest path and safety path
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the low risk for collision and shortest path but the priority is set to non-collision. The
minimum value of obstacle avoidance function shows the low risk for collision between
AGV and obstacle. Inside the model, the PSO results will report the particle position
on each point. The model is required interpolation on the system to connect path be-
tween point to point for robot path from start peint to target point. 2 interpolations
which are linear and cubic-spline are tested. The performance from cubic-spline interpo-
lation is better than linear interpolation for ohstacle avoidance on layout from Seagate
Technology (Thailand) Ltd, and changeable layout plan. In addition, the results from
proposed method of this research illustrate good performance on safety path when it is
compared hetween the conventional shortest path searching and safety path searching on
this research. This model can be applied for Hard Disk Drive mamufacturing of Seagate
Technology (Thailand) Ltd with safety constraint.

Acknowledgment. This work is supported by the Thailand Research Fund under the re-
search grant No. PHDS0I0059. This work is also supported by the Faculty of Engineering
KMITL and Seagate Technology (Thailand) Company Ltd.

89



SAFETY PATH PLANNING WITH OBSTACLE AVOIDANCE 36T

REFERENCES

[1] P. Alexandros, L. Rudolf, P. Jan and N. Gerhard, Probahilistic prioritization of movement primitives,
IEEE Robotics and Automation Letters, vol.2, no.d, pp. 2204-2301, 2017.

[2] G. Han, H. Wang, S. Li, J. Jiang and W. Zhang, Probahilistic neighborhood location-point cov-
ering set-based data collection algorithm with ohstacle avoidance for three-dimensional underwater
acoustic sensor networks, JTEEE Access, vol.5, pp.24TR5-24706, 2017,

[3] C. Evers and P. A. Naylor, Optimized self-localization for SLAM in dynamic scenes using probahility
hypothesis density filters, TEEFE Trans. Signal Processing, vol 66, no 4, pp.863-878, 2018.

[4] M. A. Abbas, R. Milman and J. M. Eklund, Obstacle avoidance in real time with nonlinear model
pradictive control of autonomous vehicles, Canadian Journal of Electrical and Computer Engineering,
vol 40, no.1, pp.12-22, 3017,

[5] A. K. Kar, N. K. Dhar, 8. 8. F. Nawaz, R. Chandola and N. K. Verma, Automated guided vehicle
navigation with obstarle avoidanee in normal and mided environments, The 1ith Mnternational
Conference on Indusirial and Information Systems (TCIS), India, 2016.

[6] T. Nageli, J. Alonso-Mora, A. Domahidi, D. Rus and O. Hilliges, Real-time motion planning for
aerial videegraphy with. dynamic obstacle avoidance and viewpont optimization, IEEE Robotics
and Automation Letters, vol.2, no.3, pp.1696-1703, 2017.

[7] . Devaurs, T. Siméon and -J. Cortés, Optimal path planning in complex cost spaces with sampling-
based algonthms, TREE Trans. Auwfomation Science and Engineering, vol 13, 0.9, pp.415-424, 2016,

[8] A. Wan, J. Xu, H. Chen, 5. Zhang and K. Chen, Optimal path planning and control of assembly
robots for hard-measuring easy-deformation assemblies, JEEE/ASME Trans. Mechatronics, vol.22,
nod, pp IGO0L1609, M17.

[9] S. Koziol, R. Wiunderlich, J. Hasler and M. Stilman, Single-objective path planning for antonomous
rohots using reconfipurable analor VILSI, JEEE Trans. Systems, Man, and Cybernetics: Systems,
vol 47, nooT, ppad301-1314, 2007,

[10] P. Grosch and F. Thomas, Geometric path planning without maneuvers for nonholonomic parallel
orienting robotz, [EEE Robotice and Automation Letfers, vol.l, no.2, pp. 1066-1072, 2016,

[11] 5. Yeasmin, P. C. Shill and A. K. Paul. A new method for smooth trajectory planning for 3R robot
arm using enhanced particle swarm optimization alporithm, The Jrd Mmiernational Conference on
Electrical Information and Communication Technology (EICT), Bangladesh, 2017.

[12] N. Setyawan, R. E. A. Kadir and A. Jazidie; Adaptive gaussian parameter particle swarm optimiza-
tion and its implementation in mohile robot path planning, Mmiéemational Seminar on Intelligent
Technology and [tz Application, Indonesia, 2017,

[13] M. R. Panda, R. Priyvadarshini and 5. K. Pradhan, Autonomous mobile robot path planning using
hybridization of particle swarm optimization and tabu search, [EEE Internafional Conference on
Computational Intellipence and Compuitng Research (TCCIC), India, 2016.

[14] A.D. Falehi and M. Rafiee, Novel optimal harmonie mitigation based on MOPSO to control switching
of ODD-nary mmltilevel inverter, mternalional Jowrnal of Innovative Computing, Information and
Cantrel, vol.14, no. 1, pp.243-260, 2018,

[15] A. Ayari and 5. Bouamama, Collision-free optimal paths for multiple robot systems using a new dy-
namie distributed particle swarm optimization algorithm, Proc. of the 18th Infernational Conference
on Advanced Robotics (1GAR), China, 2017.

[16] L. Liao, X. Cai, H. Huang and Y. Liu, Improved dynamic double mmntation particle swarm opti-
mization for mobile robot path planning, Chinese Control and Decision Conferenee (CCDC), China,
2016.

[17] N. Mizuno and €. H. Nguyen, Parameters identification of robot manipulator based on particle
swarm optimization, The 13th IEEE International Conference on Condrel & Automation (1CCA),
Macedonia, 2017,

[18] M. K. Rath and B. B. V. L. Deepak, PSO based system architecture for path planning of mobile
robot in dynamic environment, Proc. of Glebal Conference on Communication Technologies (GCCT
2015), India, 2015.

[19] Z. Nie, X. Yang, 8. Gao, Y. Zheng, J. Wang and 7. Wang, Research on autonomous moving robot
path planning based on improved particle swarm optimization, IEEE Congress on Evolutionary
Computation (CEC), Canada, 2016.

[20] Y. Guo, W. Wang and 5. Wu, Research on robot path planning based on fuzzy neural network and
particle swarm optimization, The 29th Chinese Control and Decision Conference (CCDC), China,
207,

90



368 R. PRASERTTAWEELAP, 5. KAITWANIDVILAI AND H. AOYAMA

[21] Z. Wang, X. Xiang, J. Yang and S. Yang, Composite Astar and B-spline algorithm for path planning
of autonomous underwater vehicle, IEEE the Tth International Conference on Underwater System
Technology: Theory and Applications (USYS), Malaysia, 2017.

[22] A. Khan, 1. Noreen and Z. Hahib, Coverage path planning of mobile robots using rational quadratic
B'ezier spline, mternational Conference on Fromtiers of Information Technology, Pakistan, 2016.

[23] Y. Wang, W. Cai and Y. R. Zheng, Dubins curves for 3D multi-vehicle path planning using spline
interpolation, OCEANS, Anchorage, USA, 2017.

[24] D. Lee, H. Song and D. H. Shim, Optimal path planning based on spline-RRT* for fixed-wing
UAVs operating in three-dimensional environments, The 14th nternational Conference on Control,
Automation and Systems (TCCAS 2014 ), South Korea, 2014,

[25] K. Yang, 5. K. Gan, J. Huh and 5. Joo, Optimal spline-based RRT path planning using probabhilistic
map, The 14th International Conference on Control, dutomation and Systems (TCCAS 2014), South
Korea, 2014.

[26] N. Arana-Daniel, AT A. Gallegos, C. L'opez-Franco and A. Y. Alanis, Smooth global and local
path planming for mohile robot using particle swarm optimization, radial basis functions splines and
B'ezier curves, [EEE Congress on Fvolutionary Computation (CEC), China, 2014.

[27] M. Neubauer and A. Muller, Smooth orientation path planning with quaternions using B-splines,
IEEE/RSJ International Conference on Intelligent Hobots and Systems (IROS), Germany, 2015.

[28] 8. Zhang, L. Sun, ¥. Chen; X. Lo and J. Liu, Smooth path planning for a home service robot using
ﬂB—Sp”I'.IES, IEEE I'mfernational Conference on Hobotics and Biomimetics, Indonesia, 2014,

[20] D. Lee and Dt H- Shim, Spline-BRT* hased optimal path planning of terrain following flights for
fixed-wing UAV=s, The 11th International Conference on Ubiguitous Hobofs and Ambient Intelligence
{URAT 2014), Malaysia, 2014.

[30] W. Ojenge, W. Okelo-Odongo and P. Ogao, Comparing PSO and GA optimizers in MLP to pre-
dict mohile traffic jam times, International Journal of Computer Science and Information Security
(IJCSIS), wol.13, no.10, pp.19-30, 2015.

[31] C.-C. Chiw. Y-T. Cheng and C-W. Chang, Comparison of particle swarm optimization and genetic
algorithm for the path loss reduetion in an urban arca, Journal of Applied Science and Enginecring,
vol.15, no.d, pp.371-380, 2012,

[32] V. Kachitvichyanukul, Comparison of three evolutionary algorithms: GA, PSO, and DE, Indusirial
Engineering & Management Systems, vol.11, no.3, pp215-223, 2012,

91



92

ISSN 2185-2766

Volume 12, Number 3, March 2021

Aprews vvvvcv-qb

00/.*./.\\ .f.\.

2l Nu | l'/

"l‘ —'Wl ‘ "4’0"'44"
( e &

'/,

S 2 = 2 o 1Y £ - =2 O 1 Y o v &Y £%
enanstiluenansianulidmsumsldanuienisdinwivintgu leygnlmhluldusslesimunism

Laidnsdiles viedu Snvainudlvidaudasilon wassasedadiadnvetenarsynasaminisintuly



ICIC Express Lettera
Part B: A icats ICIC International (£12021 ISSN 2185-2766

: lications
Volume 12, Number 3, March 2021 pp. 233-229

OPTIMAL PATH PLANNING WITH A-STAR OPTIMIZATION
AND MULTI-ROBOT TASK ALLOCATION IN HARD DISK DRIVE
MANUFACTURING LAYOUT

Rawinun PRASERTTAWEELAP AND SoMyoT Kiarwanipovival
Department of Electrical Engineering
School of Engineering
King Mongkut's Institute of Technology Ladkrabang
Chalongkrung Road, Ladkrabang District, Bangkok 10520, Thailand
rawinun. praserttaweclapfbotmalleom; drsomyvotkigmal.com

Receved September 2020; accepted November 2020

ApsTRAacT. Hard Disk Drve Manufacturing = the manufecturing tndusiry i clectronics
components. The automaison processes for process capability tmprovement, process con-
trol smprovement, and process stability smprovement are smportant. A robolice system in
thiz manufaciuring 15 Mulfi-Robot System.. The new development for Multi- Hobot System
depends on manwfaciuring requirements. This research te focused on the Oplimal Path
Plonnimg for Multi-Rebol Systems wnth Multi-Robot Tusk Allocafion. A-siar searching
has been selected for path planning and wmaedified for monufoctuning requirements. The
stmulaiion model of this research has been developed by using Matlab R20166 as pro-
gram based. Error builf-in has been fnfegrafed tn this simulation mode for validaiion.
The simulation resulls for optimal path plarning with modified A-star optimizetion and
Mults-Hobot Task Allocation can help to predict the susable completion tasks fiowr for
Hard sk Drve Manufucturing.

Keywords: Optimal path planning, Multi-Robot System, A-star, Multi-REobot Task
Allocation, Hard Disk Drive Mamufarturing

1. Introduection. This research 15 studied about the optimal path planning for robotics
gystems based on Hard Disk Drive Manufacturing layout. Seagate Technology (Thailand)
15 the electronie industry in Hard Disk Drive Manufacturing which is required the devel-
opment of Multi-Robot Systems support to an improvement on manufacturing process.
Completion task per hour 15 the key requirement for manufacturing process because num-
ber af robot planning, tasks planming, and area control are very important. The major
contributions and significance of this research is the optimal path planning with safety
constraint on Multi-Robot Systems of Hard Ihsk Drive Manufacturing layout. Devaurs
et al. studied about HRET method for path planning by RRT and T-RRT combination.
The result is shown the good results on complex problem [1]. Wan et al. developed the
GPR-based (Gaussian Proeess Regression] prediction for optimal path planning. They
can perform high accuracy from both simulation and experiments [2]. Many researchers
selected A-star for path planning and this method can represent good performance on
variant problem. In [3], Votion and Cao studied new navigation algorithms on Multi-
Robots by using A-star and the result 15 shown good performance on some examples.
It should be better on systems rehability. For path planning on cooperative robot, key
matnx 15 not only the path planning. The task allocation is also important for task ar-
rangement of each robot. Huang et al. studied on Multi-Robot Task Allocation. They
focused on the robot to target distance. In addition, they have checked model and their
model can represent effectiveness [4]. In manufacturing, the key matrix for path planning
18 not only the shortest path. The obstacle avoidanece for safety path 1= very important in
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manufacturing. In [5], new development of path planning has been developed for shortest
path and safety path for manufacturing with good performance but the results are n 1
mobile robot only. For Multi-Robot Systems (MRS), the Multi-Robot Task Allocation
(MRTA) 15 the one of the key matrices for systems. All tasks must be completed by
robot tasks arrangement. Farouq et al. developed bundle algorithm with Ant Colony on
Multi-Robot Task Allocation algorithm and 1t shows good performance results [6]. In (7],
Chen et al. developed the 3-PRS ankle for force/position control by using the combina-
tion of position control and impedance control. Their purposed method can represent
the effectiveness of flexable control. Solyman et al. studied about the robot task planning
for pick-and-plage task. Their purposed method shows the effectiveness for robot task
planning in unstructured environments (3. Yazeed studied the lecomotion mechanism
on small robot. He developed the hybrid locomotion mechamsm with the highly effec-
tive results [9).-In [10], Watannki et al. developed the deep reinforcement learning in
multi-robot environment for obstacle avoidance based on the image. After learning, the
performance looks better. Some researcher studied about the robot on human posture.
In [11], the effect of exoskeleton robot has been studied during manual lifting task. The
result can represent the exoskeleton robot can help users for the correct posture. From the
literature review, many researchers developed the optimal path planning for the shortest
path searching only.” This research has developed the new modified A-star algorithm for
safety path planning as a first priority and shortest path planning as a second priority.
In addition, this research has developed this concept in the Multi-Robot Systems based
on the Hard Disk Drve Manufacturing layout.

In this research, the manufacturing requirement 1s shown in the first section. The layout
and manufacturing process were built in the model. Then, the path plannimg algorithm
has been developed by the modified A-star algorithme After that, the condition for Multi-
Robot System needs to develop and add in the madel. The output of this simulation is
the completion tasks per hour between conventional method and purposed method with
error bmlt-1n.

2. Layout. In the model of this research, layout and manufacturing requirements have
been integrated for optimal path planning model creation. The concept of robotic path m
manufacturing 15 to have the loading station for mcoming part load, unloading station for
outgoing part, and testing station for mmceming part testing and outgoing part checking
with data. Hobots need to perform task to support the manufactunng process in layout
as plan.

In Figure 1, 4 robots are moving m parallel and 3 boxes at the top of layout are the
loading station and unloading station. The testing stations are 24 boxes in which 1t
can perform both testing and checking condition in electneal testing of hard disk drve
components. The material will be loaded from loading station and transferred from
loading station to testing station by using robot and planning algorithm. After that,
the next process 1= to load the tested material from the testing station to the unloading
station. The path planning algorithm must perform each robot task for waiting time
reduction. Then, the capability will be increased or we can get high completion task /hour.

3. A-Star Path Planning. One of popular algorithms for path planning 1s A-star which
18 the method to find the shortest path. Key conecept is to caleulate distance from starting
point to any point and distance from any point to goal. Based on the concept, program
can calculate the distance from starting point to any poimnt but the distance from any
point to goal needs to be estimated. The prediction model is required. The A-star uses
the heunstic function for distance estimation from any point to goal to support starting
point to goal point caleulation. Equation (1) 1s the objective function of A-star algorithm.
The mimmum objective function will be selected for next robot path. g(n) 1s the distance
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Ficure 1. Hard Disk Drive Manufacturing layout and robots

from starting point to any node n. hi{n] s the estimated distance from any node n to
goal. f(n)is the sum of g(n) and k(n) to represent distance from starting point to goal
based on the actual distance and estimated distance.

f(n) = gln) + hin) (1

For estimated distance, the heurnstic function [h(n)) is the calculation of sum of dif-

ference of = and difference of y between two locations. For path planning, two locations

are the location n (T, y.) and goal (1, y;) where location n is any point and goal is goal
point in Equation (2).

Hin) = fm 3|+t — gl (@)

1. Purposed Method for Optimal Path Planning. This research designed new A-
star function by modified A-star function with safety path constraint. The new method
18 ASOA in Equation (3). The purpose iz to find the optimal path planning for manufac-
turing layout and manufacturing constraint.
f(r) =g(n) + h{n) 1. OA(n) (3)
From Fquation (3). the objective function will be combined between the path planning
for shortest path funetion and safety path function. The minimum value s required.
Sum of these functions 1s required mimmum value selection dunng searching to support
optimal path planning also.
Obstacle avoidance function is O'A function in [11]. From Equation (4), 04 is obstacle
avoldance function, o'is safety factor, d is distance between robot and obstacle, R is radius
of obstacle region and v 15 radius of robot region. If the OA value is close to 1, 1t will

be the high risk condition of crashing between robots to any obstacle. If the O A value 1s
close to 0, it will be the low nsk of crashing or safety zone for robot path.

d
DA=max(1—n*R+T._D) (4)

For Multi-Robot Systems, the Multi-Robot Task Allocation or META is the robot task
assignment where [ 1s set of robot and T 1s set of tasks.

In general problem, the single task is good enough for task allocation. The system will
have robot with task in pairs as Equation (5). One robot will get one task for this case.

(r1.t1), (ra, ta), (ra,ta), .. ., (ra. te) (5]
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For complex tasks, the task allocation will be in group assignment as tasks of the
bundles which are the sum of costs of individual tasks.

f
be(G) =3 bo(te) {tx € G} (6)
k=1

where (7 1s the bundle, [ 1s the number of tasks of bundle, b 1s the cost of tasks, and { 1=
the tasks.

The robot 1s assigned to group assignment by the cost of individual tasks. This re-
search selected the bundle task and designed new algorithm for optimal path planning
on Multi-Robot Systems. The first step of this research is the reviewing process with
the requirements of the Hard Disk Drive Manufacturing first which are the completion
task /hour must be more than the conventional method with 0% robot crashing and robot
can move within space constraint in specfic layout from manufacturing plan. The A*
has been selected for path planning becanse of effeetiveness of A* method on many path
planning research from hterature review,

In Figure 2, the purposed method of this research 1s to start on whole task defining.
Then, the model will start on distance calculation of each robot with all tasks. After that,
it will select the minimum distance as 1st task for each robot and continue the A* path
planning process. During the path planning process, it will have path conflict checking

I Initialization |

| perform M task for N rabat |

=

| Calculate the distance between robots to task |

g Yes
| Assign the robot [n) for task (i) |

Start A-star path planning

|
Add walting path
for robot (n)

Figure 2. Purposed method of optimal path planning and Multi-Robot
Task Allocation
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between robots due to cooperative robot working at the same time. If the path conflict

= true, the waiting path process will start on that robot until confhct = false. Finally,

the process will continue as this m continuous loop until all tasks have been completed.
Conditions for conflict path checking are

# Check conflict path between 2 robot paths;

# Current point of robot, (r;, 1) is not equal to the next point of roboty (T4, yis1);

s For not equal condition, continue the process as normal;

® For equal condition, add waiting time on the roboty in 1 second and compare the
robot point again in continuous loop.

5. Simulation Results. The simulation results show that the maximum robot for this
model 15 5 robots during maximum 30 tasks. If the robot number 15 more than 6, the
simulation program will wait without stopping. The reason is the waiting path process
on purposed method that it has limitation to support this model.

From Table 1, the longest processing time 1s 2 robots condition but the total step
movement 1s smaller than 3, 4, 5 robets becanse robot can be managed the task in queue
from 2 robots selection only. Shortest path will be the 1st prority when systems found
only 2 robots.  Heowever, 5 robots can be shown the fastest processing time because
program can share task for more robots but the total step movement may be increased
to allow alternative robots movement path with safety constraint.

TasLe 1. Simulation resulis

No. of robots | Processing time {min) | Total step movement
. 2.49.02 1081
3 L.BR.06 1129
4 1.43.19 1245
5 1.23.54 1216
i Infimty Cannot 1dentify

Dunng 6 robots test, program cannot continue until the end of process because of
waiting path. All robots move In to waiting path loop at the same time and cannot find
the solution by themselves.

In addition, this research has built the error on systems for checking model performance.
4 built-1in error models are constant 1n Equation (7)), proportional in Equation (8), and
exponential m Equation (9) where f1s objective function and yis the output after built-in
error mside.

y=f +ae (1)
y=f +blf|e (8)
y = f +explae) (9)

From Table 2, no. of robots = 5 cannot be tested during random error built-in. Robot
will stop at waiting path process as same as the results of no. of robots = 6 in Table 1.
Maximum robot test on simulation 1s 4 robots condition.

TasLE 2. Simulation results with random error built-in at no. of robots = 4

Built-in error | Processing time (min) | Total step movement
Constant 1.5028 1236
Proportional 1.50.38 1329
Exponential 2.01.15 1378
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After built-in error in model, we can see the higher processing time and the higher trend
of total step movement. The worst case a result is when error built-in 15 “exponential”.
Processing time will be 2.01.15 minutes. It means that the completion tasks per hour will
be around 805 tasks /hour for worst case of 4 robots condition.

The completion tasks/hour calculation 1s in Equation (10) where Ta = count of total
tasks, f is time In minute and 60 15 the constant value for time converting from minute to
hour.

Completion tasks hour = ? = 60 (100

From Figure 3, the completion tasks/hour 15 reduced after built-in error in models
by using Ta = 30 tasks. The best completion tasks /hour s the model without built-
in error that it can reach to 1258 completion tasks/honr but it might not be accurate
for actual condition. The Ind 15 model with constant error built-in that 1t can be 1200
completion tasks/hour. The 3rd 18 model with preportional error built-in and the 4th 1s
the model with-exponential error built-m. From these results, the worst case completion
taskshour is 805 tasks/hour. It is higher than the conventional methed which is equal
to 800 tasks/hour.

T J S -
5 | 1200
1000 |t L . _\\_ |
800
E 800 cmeeems — — e ——— -
5 200
E 00 | e ——
(1] T =
I Model with Model with | Mode| with
Model | “Constant™ | "Proportional”| "Exponential”
S AN 0 (i emor < Aeren L | err
|7~ Completion tasks/ hour | |1258.741259 | ||| 1200 || 1146496815, 895.5223881

Fiourge 3. Completion tasks/hour during 4 robots running in the model

6. Conelusions. This research contributes new purposed method for optimal path plan-
ning based on Hard Disk Dnve Manufacturing layout by using the combination of A-star
path finding and safety path eonstraint with Multi-Robot Task Allocation. The conven-
tional method by using Genetic Algonthm (GA) shows 800 tasks /hour. With the same
condition, the purposed method results can represent 5 robots /30 tasks with 1.23.54 min-
utes which are the simulation results without error builtan. With 3 built-in errors m
the model, it cannot run in 5 robots condition due to waiting time loop constraint. The
best case for simulatwon test s 4 robots and worst ease completion tasks/hour 1= 895
tasks/hour which is more than 800 tasks/hour. This result can help to support Hard Disk
Drive Manufacturing for prediction and planning and this model can be applied for future
development of the multi-robot path planning on manufacturing as well.
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Abstract

This research presents the optumal path planmng for mapnfactnng. The pew contmbution 1s the safety path
searching by usmg artificial bee colony algenthm in mmli-robot systems. The new RC function was introduced in
this paper to represent the sk of eollision path. The best safety path searching 1= the low nsk of collision path from
automatic searching on EC function. This research designs the artificial bee colony algorithm for the safety path
searching based on the manufacturing environment. The proposed s to find the optimal safety path wath fast
convergence. With the built-in emor, the simulation results illustrate the effactveness of the optimazl path planming in
multi-rebot systems for manufactuning.

Eevwords
Safety path planming, Arhificial Bee Colony Alzanithm Multi-Reobot Systames, Manufacturing

1. Introduction

MWowadays, the mmlt-robeot system m manufacturing 1s the key process for the capabilities and the rehabilities. In
dynamie environments, the multi-robet movement 15 the complex systems. The new development for mmlt-robot
path planning 1= required. Seagate Technology (Thailand) Lid. 15 the one of the multi-robot manufacturing in the
electromies ndustry. This research desizns the ophmal path planning m mulb-robet systems based on the
manufactunng layout of Seagate Technology (Thaland) Ltd. Many researchers studied the path planmmg with the
different condinon. An Wan et al (2017} designed the GPR-based deformaton compensation method for the
assembly robots. Both simmlattion results and expermmental prototvpe illustrate the good performance on then
proposed method. JTohpathan V. and Yongean C. (201%) proposed the pew path planming algorithm by using A*. The
companson results show the effactiveness of the modified A* (Johnathan and Yengean 2019). Fong-Jong Wai et al.
(2019} designed the optimal path planming and adaptive newral network for erergy consumption prediction. This
combination algonthm represents the effictency UAV swveilllance systems. Shuat D H. et al (2020} proposed new
mmlti-robot path planning alzorthm by using DDM. The results show good performance at lngh levels with the
optmum quality. Jiankun Wang et al. (2020} created the newal ERT* for optimal path planning. The results show
better performance than RRET in term of the convergence speed.

About the algonithm for path planning, Guozun Tian et al {201 8) mmproved the arfificial bee colomy algonthm for the
faster convergence in Multh-TTAV systems. The results represent the better efficiency. Hiangmin Li et al{2018)
improved the arfificial bee colony algonthm for robot path planning. The results ilustrate the faster optimal path
searching. Mecmettin et al.(2018) designed the optimal path planmng by using artificial bee colony algorithm and
probabilistic roadmap. The results show good performance m simmlation only. Fateh B. and Beyza G.(2018) selacted
the artificial bee colomy for robotic path planning and they compared the performance wiath the genefic
programming. . Bai et al. (2019) proposed the kybnd algorithm between the arfificial bee colony algenthm and
A* for Mulh-TUAV systerns. The hybnd performance illustrate the better results than A* algonthm Chengfang W. et
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al2020) selected the artificial bee colony algomthm for the aenal vehicle path planning. Thew simulation results
represent the faster convergence than the conventional method. About the mmltiple vehicle research, Fiwon Y.
(2020} developed the momtonng mobile sensors of multhple velucles. He presented the new armangement techmque
to support the paricle matters in the wban street. His results represent the comelation of the particulate matters and
mefrological parameters.

From literature review, many researchers studied the robotic systems and designed the smart algorithm for complex
problem solving. The path planmng concept from previous research are the shortest path searching. The popular
alzonthm 1= the A* and arnificial bee colony algonthm. The goodness of the artificial bee colony algonithm 15 the
good effectrveness for fast convergence and thys algorithm shll performs the acewracy for optimal search.

This paper presents the new safety path searching for manufzcturing in mulfi-robot environment At first, thas
research designs the model from the manufacturing layout. The path planming for this research 15 A* path planning.
The new contnbution 1= the new rizk of collision function (RC) for the safety path searching. However, the safety
path searching concept can mmpact the higher processing time. From this problem this research proposes the
artificial bee colony for the fast convergence of optimal safety path searching. The results show a good prediction
mode] for mammfastunng.

2. Manufacturing

Thos research studied the manufactunng layout of Seagate Technology (Thailand) Ltd. Figure 1 shows the 3
rectangle boxes which are the loading station and unloading statton. The 24 rectangle boxes are the operation test
stafion. In automation process, the robotic system of this manufacturmeg 1= the multi-robot systems. The robotics path
planmng alzonthm 15 very mportant for manufactunng capabilibes with 0% colhision.

Figure 1. Manufachunng lavout

3. A* Path planning

The A* path planning 15 the algonithm fo search the shortest path. The distance between the starting point and the
goal pomnt  f(n) in (1) is the A* path plapning function where gin)is the distance between starting point and
cwrrent point and  A(n) 1s the estimated distance between current point and goal point.

Sm)=g(n)+hin) (0
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The distance caleulation of gin) is the Euclidean distance in (2} where (x.v,) is the starting point and (x,.¥,) 15 the
cuwrent point.

gln) =y, —x.) + (3, -’ @
At the cwrent point, the distance between the cuurent point to the goal point 15 the esiimated distance in the heuristic

valie ( h(n) :I There are 3 types of heunstic calculations where (xe3.:) 15 the current point and (x.¥;) 15 the goal

point.

3.1 Manhattan distance

Manphattan distance for h(n) m {3)1s the sum of the zbschute value between the current point and the zoal point.
hn) =|x: _Ix| +|;|.-'{ =¥, | (3]

3.2 Diagonal distance

Diagonal distance for MA}in (4) is the max value of Manhattan distance:

hn)= qu: —IK|+

b, )
3.2 Euclidean distance

Euchdean distance for h(n) in (3) is the distance caleulation between the cument point and the goal point.

hn) = Jx. =3, ¥ £ 0y =3, ) (5)

4. Arrificial Bee Colony Algorithm

Artificial bee colony algonthm 15 an optiomzaton alzonthm based on the behavior of honey bee swamm. The bee
colony has three groups of bees. The 1% zroup is the employed bees. The 2™ group is the onlookers and the 3* group
is the scouts. The unemployed bees are the onlockers and the scouts. Firstly, the employed bees start on the specific
sources of food. Then, the onlocker bees obzerve the dance of emploved bees within the hrve. The dance of
employved bees can represent the food source. For the scout bees, they search the random food source and they can
find all food souree loeations.

In artificial bee colony algorithm the food seurce position represzents the solubon quality. The algonthm process is
as follows.

4.1 Initialization phase

Furstly, the imtiahzation phase 1= to mtate the population of food source and population of scout bees with control
parameters. The optimization process 1s to mmnimize the fitness funetion. The miniwnm fimess function represents
the best food source. The population of food source is i (6) where [ 1s the lower bound of X . n, is the upper

bound of X, .and rand(0.1}) is random value between 0 to 1. The index m is the population of bees and 1 is an
optomization variable.
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X_ =1 +rand(0.1)*(u, 1) ®

4.2 Employed bees phase

The employed bees search the high nectar m the neighbor food source. The neighbor food source in (7) 15 the new
food source (I, ) where ¢ is random number within [-z, 2] and X, 15 a medom food source.

Fo=X_+¢ (X_-X.) )]
The fitness of the solution is shown m (8) and (%) where (X ) is the objective function value of X .

V//,

SN T )

¥ LE)20 @

St (XD =1+abs(f (X)) if fL()<0 @

4.2 Omlooker bees phase

The onlooker bees get the food source information from emploved bees. Then, the onlooker bees choose their food
sources based on the probability value of the fimes: values from the emplowved bees. The probabulity value
caleulation 1s m (107

LX)

- (10)
> A X))

4.4 Scout bees phase

Tke scouf bees choose the food source randomly. The employed bees become the scout bees when the solution 15 mn
hard limit eriteria.

4.5 Final solution phase

The final solution phase 15 to select the best solubon after the repeating process. The kard himut of repeating process
15 the maximum cvele number.

5. Proposed method

The proposed method of this research 15 to design the optimal path planning for manufacturing. Firstly, this research
designs the manufacturing model as mamfactunng lavout from Seagate Technology (Thailand) Ltd. Based on the
manufacturing requrements, the 0% collision 15 very important for manufacturing in multi-robot systems
environment. This research proposes 2 new safety path by usmg the artificial bee colony algonthm for fast
convergence. The lowest nsk of collision path 1s the final solution of the proposed method. MNowadavs, many
researchers design the shortest path for the best path planmng. The safety path planmng with fast convergence 1s the
new contribution of this research.
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The nsk of collision function or EC funchion 15 in {11) where ¥ is the safety factor, d.,. 15 the maximum distance of

robot 1 ( 7, ) to each robot, and Zd\' 15 sum of maximum distance of robot1 (r, ) to eachrobot.

RC,(r)=max(l-y(d,)/ 3 d,.0) an

Thke nunimum RC value is the low nsk of collision path. This research applies the F.C function in the arhficial bee
colony algonithm. The new fitness function in artificial bee colony algornthm of each robet 1 15 shown mn (12).

Jit,(n)= : if RC,(r)=0 (12)

IRC'{

Thke best safety path is the minimum BC valoe or the miaximum fitmess fanction in artifieial bee colony algonithm.
The maximmm fitness function represents the highest probability for enlooker bees.

The proposed method process 1= as followrs.

Imtialization process
Calculate the Evchidean distance of robot n and task £
Assign the task t for robot n from mmimum distance
Start A* path planning searching
Start the safety path searching by using artificial bee colony algonthm
Case 1: Best safety path
Continue the next procass
Case 2: Confhict path
Conflict loop process (warhng path)
6. Fepeat the process unfil it reaches cntenia

e g

The end of process critena i the completed tasks or out of the processing time limat.

0. Results

From the simulation results, the withour RC searching shows the high nsk of colhsion. With RC searching, the
result shows the low nsk of collision. Figure 2 shows the BC value of with and without RC searching from 100
iterations. The R.C searching algorithm reduces the nisk of collision value dunng the ieration process

'FMHE-NHI of with and wikhost AT searching

\, .«ﬂMIW',liJ I H“v"klh

RC

Harndin

Fizure 2. RC value of with and without B.C searching

© IEQOM Society International



106

Procesdings af the 11"* Annual International Conference on Industrial Engineering and Operations Management
Singapore, March 7-11, 2021

Thes research assigns 30 tasks for this simulafhon. The simulahon conditions are 2 to & robots with a buwlt-in emror.
Figure 3 is the location of 30 tasks.

In & robots condition, the model cannot complete the process. All robots stop because of the conflict loop in case 2
of process step 5.

o Task |=cation of oech tash ne.

30 -

o]

Task oeaton

1]

Tirda i
Fremre 3. Tazk location of each fazk no.

For the model vahdation, this research built the error in the model on each condihion. The bwmlt-in ervors mn this
model are the constant, the propertional. and the exponential.

1. Buwult-in ervor: Constant

For the constant, the output of built-in ervor { ¥, ) in (13) is the sum of the desired function{ i ) and
the constant error value { o ).

For = Jalrli 1€ (13

2. Buwlt-in errer: Propertional

For the proportional, the output of built-in ewwor  y, ) i (14) is the sum of the desired function { f,__,)
and the multiplication of the desired function and the absolute of the constant emor value (¢ ).

Youw = Ficaraa || Facies a9
3. Bwl-in emwor: Exponential

For the exponential, the output of bwilt-in error 3,0 1o (15] 15 the omltiplication of the desmed function (
Siciens ) and the exponential function.

Vo = Jotcares > Exp{cE) 13)
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Figuwre 4 15 the result of 2 robots condihon. Without error in the meodel shows the lowest moving step. The

exponential bult-in error shows the hughest moving step. The lowest moving step is the without emror.

Robst path in 2 resets conditien : Robst na. 1

Resal path in I robols condtion: Robst ne. 2
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With the bult-in ervor, the moving step 1= higher than the without ervor. The reason 15 the bwilt-in ervor in the
beuristic value for the prediction vanation simmlzfion. The heuristic value in the A* path planning 15 the prediction
of the robot path from the cwrent point to the goal pomt. The next robot path can change along the time from the

bmlt-in ervor.

Figure 5 15 the resulis of 3 robots condition. The last robet locaton for without error and bumlt-in error show the
zame location. The robot steps show the over ttaveling in bmlt-in error. The worst case 15 the exponential error.
Without error 1= the best case. The maxpmum moving step 1= 74 steps m robot no 3 with an exponentizl error. The

Fizure 4. Fobot path in 2 robots condition

maximum processing time 15 1.595712 minutes.
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Figure 5. Robot path in 3 robots condition
Figure 6 15 the results of 4 robots condition. The results are siomlar to 3 robots condition. The maxmmum moving step
15 6% steps in 1obot no.4. The maximum processing fime 15 1963558 munutes.
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Fizure 6. Robot path in 4 robots condiion

In 5 robots condihon, the result 1s shown in Figure 7. The results are smmilar to 3 robots condition and 4 robots
condition. The maxinmm moving step 15 57 steps m robot no 1. The mamimum processing time 15 26435825 minutes.
The increasing of robot no. in mannfachuwing layout reduces the moving step of each robot but the processmg time 15
ligher. The reason is the conflict loop process for safety path searching.
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Fig. 8 15 the processing time in 2 nunute of each condition. The mmmum processing fime 1= the 2 robots condition
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Fizure &. Processing time of each condition

Fi1g.9 15 the masamum F.C value of each condition. The munrmam EC value 1= the 2 robots eondition and the
maxmmum RC value 15 the 5 robots condiion.
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Figure 9. The maximmm EC value of each condition

From the results, the best safety path searching 15 the 2 robets condition because of the lowest n=k of collision and
the fastest processing time. The optimal path planning in mapufactuning is for 0% of collision with less impact on
capability. The proposed method of this paper dlustrates a good predichon model for manufacturing.

7. Conclusion

The proposed method of this research is to design the new ophmal path planmng for manufactoring. The

environment in manufacturmg 15 the multi-robot systems. The safety path 15 the 1st prionity. The shortest path for

fast processing time 15 the 2nd prionty. This research presents the new safety path searching with fast convergence

on the optimal value. The best condition 15 2 robots condition for this manufactuning layout. The maximum nisk of

collision 15 omly 0.0304789 and the maxmmum processing tme 1= 1358885 punutes. The results show the
effectivensss of a prediction model for mmlti-robot systems 1n manufacturing.
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