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Abstract

Optimization is a very important process in engineering. Engineers can create better production only if
they make use of optimization tools in reduction of its costs including consumption time. Many of the
engineering real-word problems are of course non-solvable mathematically (by mathematical
programming solvers). Therefore, meta-heuristic optimization algorithms are needed to solve these
problems. Based on this assumption, many new meta-heuristic optimization algorithms have been
proposed inspired by natural phenomena, such as IWO [58], BBO [59], WWO [61], and so on. Inspired
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by domino toppling theory, we proposed an optimization algorithm. Using domino pieces, we can create
countless complex structures. To simulate the domino movement in the search space of a problem, we
consider the particles in the search space as the domino pieces and, by creating an optimal path, we will
try to direct the dominoes to the optimal path. The optimal paths will be updated in each iteration. After
initializing the dominoes randomly at the beginning of each evaluation, the picking piece or the first
moving piece will be identified and then the particles will be selected by the optimal path. Applying a
motion equation to each domino will move the dominoes forward in that direction. At first, a predefined
dominoes will be randomly distributed in the problem space. Choosing the optimal path will accelerate
the convergence of the domino particles towards the target. After choosing the path in current iteration,
we now have to do the domino movement. The particles will move to a new location by applying the new
location equation. By applying this equation, each domino piece will sit on the track ahead of itself. The
front piece will also move to a new location by applying an equation separate from the rest. After
moving the dominoes to the new location, the worst iteration of the previous iteration will be removed
from the problem space. In the new iteration, the optimal domino path, the new locations of domino
pieces and the global optimum will be updated. At the end of the algorithm, the global optimum will be
determined as the optimal solution. This method is implemented in a simulator environment.
To evaluate the performance of the Domino Optimization algorithm, we use a complete benchmark
including 30 objective functions called CEC 2014 [67] that are single-objective numerical functions. In
all cases, we set the population size to 50, the dimension size to 30, and the number of fitness function
evaluation to 150,000. We compare the proposed Domino Optimization algorithm (DO) with the
algorithms LOA [57], ICS [62], NPSO [63], MOHS [64], BCSO [65] and FFFA [66]. The results obtained
from the 3 unimodal functions show that the proposed method is able to achieve a better solution than
any of the state of the art algorithms at the equal resources. Results in the multimodal functions show
that the proposed method has the best performance in finding the optimal solution in all of the available
13 functions in this section. In all of 6 functions in the hybrid section, the quality of the proposed method
is better than all of the state of the art algorithms at the equal resources. The standard deviation values
of the proposed method, which are often small numbers, indicate algorithm convergence around the
optimal solution. Also among the available methods, two algorithms, named NPSO and LOA, have good
results after the proposed method. In the convergence analysis of dominoes, the diversity of objective
functions in 100 distinct iterations shows a big value at the beginning of the algorithm, and a low value
at the end of the algorithm.
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TieS b Nt slaole il flee 51 (S doddio —)
e MLW 4-1-.».-0(3.#[-9-3 Pl o 45 a5t ol 3ye calize lahg, b oadgl Ll (gilwaige jo
Dgr wblsS ol potde Sy Gl i Jlila
5 obe milay wlyie e Sy
a5 wes pladle 5l (g Akl 0 55le 5o
S 4] B] 2] 0,5 e Blae w555 cnl sl olgS o0
Sl ()l by SO SIS gilaigs v ,9]
@l Jluw $lp o8 pbbys L oslg o oS
sebar 6 lE slai ;o1 g, LIS 4 (gileange
vk cotS b slaclsz 28l ollys glab>de LB

‘5‘)4 50..\.9"&:;\..»&4\.3 uLC)Ua‘ 9 é)ju;o )‘)5 R
D3 eoliiul 8)90 (g, b S8 SO 4 asdSudgy
OBL Glp oS cal ol )l sileangy S e
Jol, (Ss5z egaz o vy 5l @)l guly
5L 5l ilwags (o [1] 05,00 LA alize il
Ll oyl e gl 4 Commo e S sl ol (e
Sl Sl G &5 0 oo Gl (Sl sk e
ooyl glle aldl as oyls vgzg LA 0,50 e (gl y

iy s 21l e Lods oo (&l ]
S Ry b oo il Coe (gilwangy Bluw slp sy Alee & ol oy G s LS

Sl Ee sl gle 5l eslinul lap oSl cnl S e
90 & 6l Slap oSl sl (e (gl
Comezp (Fhn g Olyz SO p (e slahy; 095
e 0 Slezr SOy (s sl ;oK igd oo oS
aS Jlo o taims o o |y Olga SO g w8
S g (> 50 Camezp S slaph Sl
Glopl,ssl wipS e Sl ) ol 5l Coxen

S e sl (e iz es 5 Jo G (o2
S5z p 5 Al Gundsed B nlply s
Blacs 51 (B2 )l s 56 Gl (e o5
Bdy S 5o Ok Gt Wl patie slagal
Woloo o w5 Jlo 35, ASYsb (559
&S wes gleJle Sl ol az e Jsens Jenilis
Flie o 0y pbooole Pluw Glacay Ll 51 ol oo

I Maximum
2 Minimum

OY 2o ¥ o, VP Jle


http://dx.doi.org/10.52547/jsdp.19.2.87
https://jsdp.rcisp.ac.ir/article-1-1094-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.2.87 ]

914093 (5985 2 e (50908 (S wdisg Jabwe U e eia)e¥l K &51)1

G sl 7] 85 JSh by (elaiz] LS,
A 138Y Lo )0 bazjge max L, elulyy [8]
ble J> @lp OB s alKen L3, 5 a5 0l
ale 6,503 lapt)sSl o) oo oslitul (g5ludingy
J10] b ominer i yesll 9] oy (giluans
555 112] (5ol 2B, 02,5501 1] Lo y555 o550
S S g e ) bt Bl J> sy
Se bl Geeile o oSl el
L8 S S ewge slacs 5l aSeledl (gsleaig
)l pgilsS St ailobs plgieas (o )sS)l [13]
Arogh S5 o5 a5 loasy 5 [15] [14] as
5 p5515S S elly SS00 o2,s8 S [16] 2l
QSE o ,s5l o al,) [17] QPSO b 4y &l,5 o3
o5 o psslsS (e SE i )5Sl S [18]
wi al) [19] laws peniiSes iSI eile by
BB-BC pla; 5,5 jlxail ay la ululy com )5Sl
wloly 45 [21] CFO (glapzy s3Il [20] aisS ol
GSA isgs c2L,T s yo &b culised > 4yl
CSS {[25] f24] wilowy 2,s)l 23] GIO [22]
culB, a2,sS) Sy a5 [28] QICA ([27] GBSA ([26]
[29] CQACO el a5lsS (6555 1 (e (5 Loxiul
U 4 SaS el bl ol b, 5 [30] IGOA
b sl logle o aind ) sogmmy oabib e Jilos
39790 Jalaso 5l (6l c(siluaingey slapi ;o8] SeS
[31] structural aligning :,ta ol glis o
slce [34] 5,50 ,95 oorisg,d [33] [32] (gonais
[36] o5 oMbl bk 35] (oS, ojluaie
b oy 0881 hle s oysesT [37] Grid Sl
i 40] 4ol sleangy [39] Ly gola
PID 5 [43] [42] slail), boasos [41] wllas
[46] (sanpyley Jsla [45] ojieniz fluw [44]
Saiign slacysl [47-50] polas 68,15 sloast
[54] [53] ;b cloalls [52] ljblcces 51]
wloas > [56] @b, sboasl s [B5] s (sloaSios
S ol il @iyl S VN0 L s
oyl ol I [B7] bawss o e 4 2l 38
[58] IWO 4l 4 pxloe 0 slacale 5ol cons
Slilyiz e BBO pb & a5 s o)
BAT  eizes ab &l [59] abwgay Sl
e g0 ,ol al Byxe [60] alwgas Algorithm
Jlo yo s @l [61] WWO ol &y T zge b, 5
ICS plias azslsguge cuckoo search oo o3 G Yo V7

BY ls ¥ 8,Led VF4) JL

3 S g (dowe gblie 5y » Slsx So p (e
wlgh oo Comez p (S Slaps oSl Blae jo il
wlad 5l galbide @bl jo plojen joba 1) g2te
ogaze 4o by gjluwaigy ML aies sll Clg>
ol Jo sl @Ghe) 9)0nlil el (30sie 5 00 1S
Jud Jhagh gadge Joo (reen 4Bl Wl SSis
Gl b (adad wiilys o (g 5loainte lap oS ol
S Silwdinge M S sl Bilo slaghs; il
ojladl By 5 axiils Slawbre ol Jleas 5 4
0 e Sl 4 Gl wdb oo il Pl
eyl 6554 Glp slopSl s ol ol
Olypeds Sl I 4t Seldl Bolas (jluane
ol 5 5] a2 ol loadons sl i sl 55l
S8, 5l as oo &l o glwdige p, Sl G allas
el oals a8 S all colh sgegy S sladss
odal abgyye (i 50 Jpadiy piysSl g5l
S abnl) geegs laass o8 > o oSl cnl
W Lme K 3 aa gz i o 45
lopi oSl a5 ols plasysly 5 WS ge (siludnds
a5 (6,8 g5k ailon g areo e o) 5l 039 ol Ho A
Foe Lol ool jI g5k S5l eolaul o jls o oSl
Sl sl 4 Cad S Slowle JL L g (g5luosly
g sl (8l Cwow 4 1) G & cl Saae
S e iy (nl e Slsz BL Gl o pee
laoly 95 a5 wms oo Sl ploy Jsb yo 1) (ol
sl (b el 00 VU Ty Glsz G 4 G
Sl aS goby Bos 4 g, oyl 5l eolewl LJoas
oot ol allie ol Jisle ol YL bs ol
sl 5Y i ,0 qeles sl 1) deaie gl i jo il
ey ¥t 5o sl (giludigy ojs> 50 eadpln
9 Siload ¥ iou 50 0ol 258 Jads |) (goleidnn
5 SRS 40 Ay 0 g mlesls i ) gl
S dl, 5l 7 50 dlas cpl mlasls, bolgai

aLdS sl ,l5-Y
i) Ologrge (SG) piew elwlp VAR JLe o
Sl esepel Boas wn wll [5] SGass eyssl
Loold ooy o)l 955 slapt ;S
Slon P 50 BNy (rezdiws &S > 5l 23S el
ool (Egran 5505 (SelS mi oSl [6] wal 99294


http://dx.doi.org/10.52547/jsdp.19.2.87
https://jsdp.rcisp.ac.ir/article-1-1094-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.2.87 ]

S P S5y sl S lie opl o 0gh s
S 8,5 U 1 5 ey s 51 15
ppssdl 3 Sles vsge sln SLb Gl legige
ol S [T4] e e )3 Sl 0ad Julow 5 o0
Ganales g alibl> p (St 03 8- ally a8
5 60,8 L8, 4 oS el el &l gileaige S
D 50Vl (6l wm sl cnl o el dly (2,5

sl 00 oolaul axdly g gunadss b abail> S 5l

SOl giogd o2 oSl -

Cowl ginegd 0,5y 55 S Domino Toppling (s,
5 o miy Sy 1) giess sloojee 358 o] ;o oS
() JS3) 055 o sl |y (ot oS 5 bo ks
oo ypee bogias w00 (aiandss 4 45 (53,5015 b o8]
Jol 5 wbioe aaldl i gar oppe 2 F By ]
6ol GA 5 oads s oo bgiw L 0,8 s
gin0gd (Sloo e 350 o Sloul AT 05l ¢ 9,8 sl
Loas jsboles 05 ais Lall Bop> @ (lsiee
Slooa b il 415l Ll g, U ool oo
Sl 4 5 sy b et OSee b s
5T (St p 5 o3 B a5, el oo
995 s8 (05 0 00

P09 Sy 3l (> 5 (- JSh)
(Figure-1): Design of a domino

Glad 0 pgess S5 gileand sl

@1y gmins glas o Lol ol,d wlas S somins
WM&JQ@‘bjob;wwjédl&&
@ digy e 2l 50 1) bagiegd 35 eplsS e
SR 50 Ay (_;L&v).:.m.a w...,S Q.;“Lm A gls.? Ceonws
@l (@o5lade lan ol wialss Sleyjeya 1SS
aSS byl e slanl je Bolal Ojgods gy
KUYPESELT WP VEL TLA P L C R SWE T TR S5 VW

O3 0oy w,sSl SO YVE eyl &l [62]
by (ogee Giloangy Pl Jo lp adlisss
Goxam i ,05dl S YN0 o o aus &l [63]
sbolfistn b Ll ¢l dsmnsr Jsels
e misS 5 YN8 L s [64] ws al) jslis
Flo Jo Gl Swgn L8, olalyy Corex
So YA Jl 5 [65] s ) oS 3ttty
J> sl Sbed )5 5 g (e (oS5 K]
g [66] a5 o)) s d syl Jaos
Sl ol s wiysSI S YVA Lo o [68] e
ol wiysSI ol wis,S &l (DOA) b
aloz 5l @kl sl oy olp sloky la)gly!
5 o b oo,ld 5,55 wopkad bgin wolbd oy
M)ji” [69] loc P oD JJGA oslazul o).‘a.‘a LS’L")))B)A"
Mo S gl eaial) oS5 LelSGais
SSal, 5 S aisS)l sl oad @l (ojlodinge
5 Silwdinr g B aiSe S5 oo b LS
L e ane sladoly 5o (9555 pln o Sueslie
iy so (ST B0l 5 S pyeNl aims a8l
ol S pleie 0SS 5l ol,8l o s (slo g0 jeloas
wlad ;o gl sl S el Ul eyl
6lad Sl sso e o ol B0l (bl 5 s
ot elie Jola 0l S s Sy om b ) g
5o .&.15‘50 Lo |} gz slad o (690,00 9 BlLIST
155 SIS S S | sy [70] e
Jlao Jo sly samadss 5 bl L esia
Las gl g, opl o ailes,S eolanul (o5lwaige
(5wa5) [71] & 0 Ll 00l oolaiwl L;MMP
& S Nlodd (Byxe ilwdingr sl ok 55
Al (sl oz K55 02,550 3,90 53 (slllas [72]
Sl S5 wbide 0ald S (ilgie 9,506,090 oaidg,d
Al abas 60,05 6o S llie ! 5o enol o0
5las Cowl oo @311 (CBTSP) Jolete plue 49,855,
lad b gleange Plewe silodae sl oo o
5 Sl wile ealonids oo L S G
[73] o oy 355 oo ool YIS 5 ailio (65,54,
L o2l (oS 5 S5 i pesdl (o 3550 50 (5,
o5 ks ol oad ail)) G115 5, Al
IS cpl g gl o ooly lid Jloges SO 4y aools

s (SIS p5 eedigegnl Oloear Joeroysbas
BY ool ¥ 55l 1F4Y Lo



http://dx.doi.org/10.52547/jsdp.19.2.87
https://jsdp.rcisp.ac.ir/article-1-1094-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.2.87 ]

914093 (5985 2 e (50908 (S wdisg Jabwe U e eia)e¥l K &51)1

%

Job 55 (25> a5 s 0 lo,gilS S > Sy ks>
giu0gd iz 8 lawe (F) Ko o ail asdls e

100

80,
60
40+
20

0
-20
40 B0
60

B0

%0 0

G039 SLBAST yuno S 3 (gl god (V- JSC)
(Figure -2): An example of a domino slice path

100

80
60
40+
20

0
-20
40 F
60}

B0F.

e,

&h 1 o =
-100 -80 60 40 -20 0 20 40 60 80 100

-100

A ghaogd &S p> 0gaui (Y- JSb)

(Figure-3): How Domino A Moves
oz GG doles Jlael a5 calas G pl o
S, So boly 9 B oginegs e (ululy A giegs
Ao Mz o6 doles 09 walgs s 8 Solas
Ly e 50 giegd (nyigl> 500 Ojle 4 b seges
2,5 pupled pudais (F) alaly oLl

GBest. Newposition = GBest.position * *)
rand(0,1) + v

Age 8 o GBest.position aolee (pl o
@l seges Ate S Ol B ol walyS oolas
Ao &S, Sl (F) JSC0 [0 08 ot ol Cas
5 ol o..\.muam..bd} u&o:bwﬁ) 6‘,) S o
e S Glawe Gl cddatin gl (SO

BY ol ¥ 5,Led VF4) JLo

gungd o glp S > Aol K Jlesl 285 vales
003l e ;3 sl G 4 lagiegy S5 > el
Corex Sl ojlul 4 bgiogs ol al sales
ity allie slad slul jo Bolas &gy 5 odpanes

el 0l astie (V) adasly jo a5 0l ssales

Domino(i).position = )

random(problem space)

©09h patie Wb odljapS Saiess du oS 5o

A madlem 1) giegs Sisld Lo jslaie ol gl y

ols mudlys 18 1) sl 0abd yo & ygods al,] SO 40 g
sl 00l asedos (V) abal, o 4

for i = 1l:npop )
BestArray = Fitness(Domino(i).position);

Olsieas (BestArray) all siess (npy Jb
(V) abasly )0 a5 ol vl (sl 0dlja 0 (Sohegs
w‘ IR W) ’AM W

Picky = BestArray(npop) D)

Jol & 31 5l BestArray «l,] wSosl o)les ubo
pedlss atine glr 1SS 50 1) shegs S > e
Gl 00l aseio (F) adayl, 0 as 0,8

for i = BestArray:1,i — — 9]

Path(it) = |Domino(i), Domino(i
+ 1), ..., Domino(npop)|

Sl 5l e 20 d2lem She YU Bud Coows 4y ginagd

plml 1) (gsiegs <S> b o i)l SIS e

2oz OB 4w e aolee Jlosl b 2lyS oo

30 giegd 5l AT o doles ol Jleel L .28, sales

Ak Cenis SalgS s )3 395l el oSS S

S 50 baSs ady jl o dolee G Jlosl b 55 4SS

a5 Cel opl 4SS BB las dolee Jdo .08 walyz o

IS 50 0 las 0gzg 4SSl 51 ele (6laST e o

el 0] Ay s S 5l (slaiges (V)

auly Sjgody ghesd (gole 4SS 2 oz (I doles

gy dals> (B)

Domino(i). Newposition = Domino(i + )

1).position * rand(0,1)

4SS o Domino(i + 1).position aolee ! o

P ere b e Cwl e Jsb o )l a5 5l nol>


http://dx.doi.org/10.52547/jsdp.19.2.87
https://jsdp.rcisp.ac.ir/article-1-1094-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.19.2.87 ]

Domino(i). Newposition
= Domino(i + 1). position
*rand(0,1)

(#) adoleo Qol.wl).g (SOPE Dl (S09d &S > -4
GBest. Newposition
= GBest. position * rand(0, 1)
+v

ol 5SS gl ).

ot )55 ol 3l i yeSIl L5 Sl ,51 )
9p ¥ dl> o 4y bl yieS

Al s Slsz lgicds ogas iy mats 1Y

Best Cost = GBest. position

el okl -IF

P93 pia o3I A At (8- JS)
(Figure-5): Domino algorithm pseudo-code

Sl g bi -F
degarme SG 3l Lo gy mi oSl o Shee 255l sln
CEC 2014 acgomo pbay yg0;] oo Jolis Sxo JulS”
o2lon S solaiul e sous adun G mlgs as [67]
Iy olagl slaes coloxiy (69, 1) ooz Slaed 0 )loe don o
elod S melais lpmeliygae | la o)l olaas 5 (o
{57] LOA (lapi sl L 1) (DO) (ol n2 555!
0,95l ([63] NPSO i ,65l ([62] ICS i ,65l
FFFA ,651 4 [65] BCSO x5! ([64] MOHS
CEC &b acgozme (V) Jsaz ;0 .wlos,S auslis [66]
Anie Oy e G 90 0 1) il aleads 3,0 2014
gyl (STD) ojlasbisl Gly=l 4 (Best Cost)

oo ,S

CEC 2014 Sxo @b ac gozxo :(V-Jguz)
(Table-1): CEC Test Set 2014

1D Function f
F1 Shifted Sphere Function 100
F2 Shifted Schwefel’s Problem 200
F3 Rotated discus function 300
Fa Shifted and rotat(_ed Rosenbrock 400
function
Shifted and rotated Ackley's
F5 function 500
6 Shifted and rotatgd Weierstrass 600
function
F7 Shifted and rotat_ed Griewank's 700
function
F8 Shifted Rastrigin function 800
Shifted and rotated Rastrigin's
F9 function 900
F10 Shifted Schwefel function 1000
F11 Shifted and rotat_ed Schwefel's 1100
function
Shifted and rotated Katsuura
F12 function 1200
F13 Shifted and rotaFed HappyCat 1300
function
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F21 Hybrid function5 (f 14, f 12, f 2100 F14 Shifted and rot_ated HGBat 1400
4,f9,f1) function
F22 Hybrid function6 (f 10, f 11, f 2200 Shifted and rotated Expanded
13,f9,f5) F15 Griewank's Rosenbrock's 1500
F23 Composition functionl (f 4, f 1, 2300 _ function
f2,f3,f1) Shifted and rotated Expanded
— - F16 . : 1600
F24 Composition function2 (f 10, f 2400 Scaffer's F6 function
9,f14) F17 Hybrid function1 (f9,f8,f1) | 1700
F25 | Composition function3 (F11,1 | ) F18 | Hybrid function2 (f2,f12,¥8) | 1800
9.11) Hybrid function3 (F 7, 7 6, f 4, f
Search Range: [-100,100]D F19 14) 1900
Hybrid function4 (f 12, f 3, f
F20 13, 18) 2000

Y492 9 Y10 sl Jlu 50 ouds &1yl (slaps 5951 9 (goleacion (599 sl CEC 2014 o algi ac goxo (59 o Lo (Y- J9u)
(Table-2): Results on the CEC 2014 Function Set for the Proposed Method and Algorithms presented in 2015 and 2016

CCABC EPSDE MRPSO LOA ICS NPSO MOHS BCSO FFFA DO

Best Cost | 4.35E+05 | 1.88E+05 | 3.68E+05 | 1.45E+05 | 2.06E+05 | 1.68E+05 | 4.01E+05 | 6.30E+05 4.10E+05 | 1.23E+05

o (Fogat S uwding Jalwe Ja sl @i 98l S &SIl

F1 STD | 3.44E+05 1.94E+05 | 2.74E+05 1.32E+05 | 2.12E+05 1.74E+05 | 3.21E+05 | 4.44E+05 2.19E+05 | 1.12E+05
2 Best Cost | 7.02E+02 | 6.57E+02 | 7.37E+02 | 6.83E+02 | 6.98E+02 | 5.37E+02 | 5.69E+02 | 7.12E+02 6.23E+02 | 4.13E+02

STD | 5.40E+02 | 3.50E+02 | 4.54E+02 | 4.96E+02 | 4.50E+02 | 3.54E+02 | 3.77E+02 | 4.46E+02 4.70E+02 | 3.36E+02
£3 Best Cost | 6.04E+02 | 4.64E+02 | 5.40E+02 | 5.29E+02 | 5.34E+02 | 4.40E+02 | 5.79E+02 | 6.84E+02 5.77E+02 | 3.66E+02

STD 3.97E+02 2.77E+02 3.44E+02 3.20E+02 3.48E+02 2.44E+02 | 4.78E+02 6.77E+02 6.78E+02 2.49E+02

F4 Best Cost | 4.89E+02 | 4.14E+02 5.23E+02 | 4.26E+02 | 4.30E+02 | 4.23E+02 | 4.44E+02 | 4.46E+02 4.21E+02 3.68E+02

STD | 4.99E+01 | 4.89E+01 | 5.78E+01 | 4.81E+01 | 4.85E+01 | 4.78E+01 | 4.93E+01 | 4.95E+01 4.74E+01 | 4.55E+01

F5 Best Cost | 5.79E+02 5.23E+02 5.00E+02 5.03E+02 5.07E+02 5.00E+02 | 5.23E+02 5.19E+02 4.98E+02 | 4.73E+02

STD | 3.92E+00 | 3.68E+00 | 4.70E+00 | 3.73E+00 | 3.77E+00 | 3.70E+00 | 3.86E+00 | 3.82E+00 3.68E+00 | 3.47E+00

F6 Best Cost | 6.45E+02 | 5.99E+02 | 7.98E+02 | 6.01E+02 | 6.04E+02 | 5.98E+02 | 6.18E+02 | 6.14E+02 5.90E+02 | 5.46E+02

944093 (5985

STD | 2.78E+00 | 2.35E+00 | 3.15E+00 | 2.17E+00 | 2.23E+00 | 2.15E+00 | 2.47E+00 | 2.43E+00 2.11E+00 | 1.89E+00

F7 Best Cost 7.09E+02 6.99E+02 7.07E+02 7.00E+02 7.06E+02 6.97E+02 | 7.20E+02 7.21E+02 6.77E+02 6.23E+02

STD 8.98E-04 8.74E-04 8.92E-04 8.55E-04 8.59E-04 8.52E-04 8.73E-04 8.71E-04 8.40E-04 7.67E-04

F8 Best Cost | 8.58E+02 | 7.99E+02 | 8.08E+02 | 8.02E+02 | 8.06E+02 | 7.98E+02 | 8.20E+02 | 8.16E+02 7.99E+02 | 7.63E+02

STD | 3.89E+00 | 3.86E+00 | 3.98E+00 | 3.81E+00 | 3.87E+00 | 3.78E+00 | 3.91E+00 | 3.87E+00 3.30E+00 | 2.77E+00

F9 Best Cost | 9.68E+02 | 9.56E+02 | 9.78E+02 | 9.03E+02 | 9.11E+02 | 9.00E+02 | 9.25E+02 | 9.21E+02 9.00E+02 | 8.76E+02

STD | 3.99E+00 | 3.87E+00 | 3.85E+00 | 3.78E+00 | 3.81E+00 | 3.75E+00 | 3.95E+00 | 3.91E+00 3.14E+00 | 2.91E+00

F10 Best Cost 1.56E+03 1.69E+03 1.95E+03 1.00E+03 1.07E+03 1.55E+03 | 1.21E+03 1.23E+03 1.01E+03 | 0.71E+03

STD 9.84E-02 9.46E-02 9.89E-02 9.00E-02 9.04E-02 9.46E-02 9.18E-02 9.20E-02 8.55E-02 8.47E-02

F11 Best Cost | 1.69E+03 | 1.28E+03 | 1.78E+03 | 1.11E+03 | 1.16E+03 | 1.08E+03 | 1.30E+03 | 1.30E+03 1.10E+03 | 1.02E+03

STD | 4.04E+00 | 3.86E+00 | 3.97E+00 | 3.84E+00 | 3.91E+00 | 3.81E+00 | 4.12E+00 | 4.14E+00 3.10E+02 | 2.65E+00

F12 Best Cost 1.48E+03 1.37E+03 1.67E+03 1.20E+03 1.27E+03 1.17E+03 1.41E+03 1.46E+03 1.44E+03 1.08E+03

STD 2.57E-02 2.67E-02 2.89E-02 2.30E-02 2.36E-02 2.27E-02 2.40E-02 2.48E-02 2.86E-02 2.28E-02

F13 Best Cost 1.96E+03 1.77E+03 1.77E+03 1.30E+03 1.36E+03 1.27E+03 | 1.43E+03 1.47E+03 1.67E+03 | 1.06E+03

STD 1.22E+02 0.00E+00 0.00E+00 | 0.00E+00 1.02E+02 0.00E+00 | 2.97E+02 3.22E+02 1.12E+02 | 0.00E+00

F14 Best Cost | 1.89E+03 | 1.77E+03 | 1.67E+03 | 1.40E+03 | 1.47E+03 | 1.37E+03 | 1.61E+03 | 1.69E+03 1.47E+03 | 1.11E+03

STD 1.08E+02 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.08E+02 3.74E+02 | 0.00E+00

F15 Best Cost 2.02E+03 1.67E+03 1.87E+03 1.50E+03 1.57E+03 1.47E+03 | 2.11E+03 2.22E+03 1.86E+03 1.16E+03

STD | 3.87E+00 | 3.78E+00 | 3.68E+00 | 3.51E+00 | 3.56E+00 | 3.48E+00 | 3.69E+00 | 3.60E+00 3.50E+02 | 3.33E+00

F16 Best Cost | 1.98E+03 | 1.77E+03 | 1.97E+03 | 1.60E+03 | 1.67E+03 | 1.57E+03 | 1.76E+03 | 1.92E+03 1.71E+03 | 1.22E+03

STD 1.97E+02 1.74E+00 1.79E+00 1.79E+00 1.83E+00 1.70E+00 1.88E+00 1.84E+02 1.89E+02 1.48E+00

F17 Best Cost | 2.84E+03 | 1.56E+03 | 1.83E+03 | 1.73E+03 | 2.12E+03 | 1.53E+03 | 2.01E+03 | 3.07E+03 | 3.064E+03 | 1.06E+03

STD | 4.05E+01 | 3.06E+01 | 3.69E+01 | 3.10E+01 | 4.02E+01 | 3.66E+01 | 3.44E+01 | 4.45E+01 4.08E+01 | 2.56E+01

F18 Best Cost | 3.01E+03 1.84E+03 1.98E+03 1.82E+03 | 5.07E+03 1.75E+03 | 2.71E+03 | 3.11E+03 3.49E+03 | 1.16E+03

STD | 3.41E+01 | 3.87E+01 | 3.94E+01 | 1.63E+01 | 3.77E+01 | 3.73E+01 | 3.69E+01 | 3.21E+01 3.70E+01 | 1.55E+01

F19 Best Cost | 6.44E+03 | 2.42E+03 | 2.68E+03 | 1.90E+03 | 6.04E+03 | 2.12E+03 | 2.13E+03 | 6.14E+03 6.90E+03 | 1.74E+03

STD | 2.03E+00 | 3.69E+00 | 3.89E+00 | 7.12E+00 | 2.23E+00 | 3.19E+00 | 5.45E+00 | 2.43E+00 2.11E+00 | 3.46E+00

F20 Best Cost | 4.41E+03 | 2.35E+03 | 2.87E+03 | 2.00E+03 | 2.06E+03 | 2.11E+03 | 2.23E+03 | 4.21E+03 4.00E+03 | 1.32E+03

STD 4.99E-04 4.36E-01 4.65E-01 4.62E-01 8.59E-04 4.00E-01 4.06E-01 3.99E-04 3.10E-04 2.32E-01

F21 Best Cost | 2.25E+03 | 1.97E+03 | 1.97E+03 | 2.10E+03 | 2.14E+03 | 1.90E+03 | 2.74E+03 | 3.25E+03 3.88E+03 | 1.38E+03

STD | 3.97E+00 | 2.85E+00 | 2.87E+00 | 2.06E+00 | 3.87E+00 | 2.77E+00 | 2.33E+00 | 3.27E+00 3.19E+00 | 1.44E+00

F22 Best Cost | 2.63E+03 | 2.54E+03 | 2.94E+03 | 2.21E+03 | 2.22E+03 | 2.04E+03 | 2.90E+03 | 2.73E+03 2.96E+03 | 1.98E+03

STD | 4.75E+00 4.77E-01 4.89E-01 4.86E-01 | 3.81E+00 4.44E-01 4.06E-01 | 3.00E+00 3.05E+00 3.55E-01

F23 Best Cost | 2.78E+03 | 2.91E+03 | 2.55E+03 | 2.55E+03 | 2.40E+03 | 2.31E+03 | 2.39E+03 | 2.64E+03 2.61E+03 | 2.17E+03

STD | 5.88E+01 | 6.23E+01 | 6.61E+01 | 8.93E+01 | 5.66E+01 | 6.21E+01 | 3.45E+01 | 2.12E+01 8.44E+01 | 3.53E+01

F24 Best Cost | 2.06E+03 | 1.99E+03 | 2.99E+03 | 2.62E+03 | 2.30E+03 | 1.98E+03 | 2.46E+03 | 2.66E+03 2.68E+03 | 1.84E+03

STD | 2.47E+00 | 3.74E+01 | 3.98E+01 | 2.33E+01 1.06E-02 | 3.64E+01 | 6.98E+00 | 5.47E+00 2.97E+01 | 2.15E+01

F25 Best Cost | 2.77E+03 | 2.39E+03 | 2.88E+03 | 2.56E+03 | 2.49E+03 | 2.38E+03 | 2.59E+03 | 2.68E+03 2.62E+03 | 2.12E+03

STD | 4.34E+00 | 6.99E+01 | 6.79E+01 | 6.93E+01 | 4.34E+00 | 6.94E+01 | 2.64E+00 | 4.68E+00 6.33E+01 | 4.03E+01

Friedman Test | [

Test Value | 6.03 6.41 4.66 7.118 5026 | 3110 [ 7891 | 6122 4.512 2.621
P-Value 6.562-08
Statistic 37.751
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(Figure-6): Left-to-right three-dimensional graph of the target function, search space, path of one of the dominoes to 100m
iteration, best cost graph to 100m iteration, mean of all domino particles for the proposed method
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(Table-3): Scenario table for the proposed method in
function F1 for different dimensions
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Domino 1 30
Domino 2 40
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Domino 5 20
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Table-4): Runtime results and time complexity
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(Figure-10): Graph of the best cost, average cost, standard deviation and runtime of the algorithms in the proposed method for F1
to F6 functions Average best cost algorithms in 5 dimensions
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(Figure-11): Graph of best cost, average cost, standard deviation and runtime of the algorithms in the proposed method for

functions F7 to F14 Average best cost algorithms in 5 dimensions
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