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Abstract

Introducing a novel meta-heuristic optimization algorithm, the Flood Algorithm
(FLA) draws inspiration from the intricate movement and flow patterns of water
masses during flooding events in river basins. FLA mathematically models key phe-
nomena such as the movement of water toward slopes, flow rates over time, soil
permeability effects, and periodic increases and decreases in water levels from
precipitation and losses. Leveraging these models, the algorithm guides the move-
ment and evolution of a population of potential solutions toward enhanced optimal-
ity. The algorithm endeavors to establish an appropriate correlation between the
fundamental aspects of natural flood events and the optimization process. Its for-
mulation and working mechanism are described in detail. It operates in two main
phases—a regular movement phase, where the population moves naturally toward
current best solutions, and a flooding phase, which introduces random disturbances
to increase diversity. New solutions are periodically introduced while weaker ones
are removed, mirroring the natural cycles of water levels. FLA’s effectiveness is
demonstrated through its application on well-known benchmark optimization prob-
lems and engineering design problems. Extensive comparisons have been carried
out on CEC2005 functions using 16 algorithms in both basic and enhanced modes,
as well as on CEC2014 functions with dimensions 30, 50, and 100 using a total of
20 other algorithms. These rigorous studies unequivocally confirm the robustness
and strength of the proposed algorithm. Furthermore, the algorithm’s performance
on 12 constrained engineering problems demonstrates its ability to tackle real-world
challenges. The FLA’s source code is publicly available at https://www.optim-app.
com/projects/fla.
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1 Introduction

In optimization problems, the main goal is to discover the best solution by consider-
ing the set of situations of the issue. First, the objective function must be defined
according to the nature of the problem. In some cases, several objective functions
are considered, and their effects are considered by various approaches that have been
studied and analyzed in recent years [1, 2]. In a power plant, for example, an attempt
is made to use the optimal method to maximize the amount of electricity produced
in steam turbines by minimizing constraints such as cost, time, and pollution. There-
fore, optimization is a critical process in design, which should ultimately minimize
the energy required and maximize the desired profit [3, 4].

Optimization application in most sciences, such as physics, chemistry, and eco-
nomics, is evident and has been analyzed in many problems. Examples of these
problems in different fields include intrusion detection algorithms [5], energy per-
turbation calculations for drug discovery [6], path-planning techniques [7], shape
and topology optimization [8], and operation and planning problems for DG units
[9]. To achieve optimal production in massive designs and industrial research, the
need for an efficient and robust optimization algorithm is understandable and neces-
sary [10].

In general, in a typical issue, having the objective function (f(x)) of the problem,
the aim is to discover the control parameter x so that the value of f{x) becomes opti-
mal, maximized, or minimized in some cases. After defining the problem control
parameters, the problem is first considered as an objective function of them. Physi-
cal limits are then displayed as a kind of problem constraint. Then, the optimal solu-
tion is extracted by solving the resulting model inspired by optimization algorithms
[10].

In general, an optimization problem is implemented as follows [10]:

gX)<0;i=1,2,..,Ng ,
O = 0= 1.2, X = s )

(minor max)z =f(X){
J(X) represents the objective function, and X is a D-dimension vector of control vari-
ables for the considered problem or algorithm input. Also, /#(X) and g,(X) are the
inequality and quality constraints of the problem, respectively. The number of g and
h constraints is N, and N,.

Although many optimization algorithms have been suggested in the recent two
decades, as mentioned in the abstract, we are always looking for a simpler and more
comprehensive algorithm to reach the optimal solution we expect in most opti-
mization problems [11]. A glance at the previous algorithms shows some general
shortcomings. In this paper, the modeling has been carried out to eliminate these
shortcomings: First, previously published algorithms have exhibited an imbalance
between local and global search. Most algorithms are optimized to a local solution
and lose their optimization power. Secondly, they need considerable time and itera-
tions to reach an acceptable solution. Third, some algorithms require complex calcu-
lations, so the user has difficulty using that algorithm. The proposed meta-heuristic
approach outlined in this study represents a straightforward optimization method
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characterized by robustness and efficacy, striking a suitable balance between local
and global exploration to effectively attain desired solutions within various optimi-
zation functions. The results obtained substantiate these assertions.

In recent decades, many optimization algorithms have been suggested to opti-
mize various issues, most of which are based on accidental research. The algorithms
above seek the feasible area parallel to several initial points. These algorithms are
population based. By population, we mean a group consisting of simple, independ-
ent, and asynchronous agents that optimize, collaborate, and interact with each other
to discover optimal solutions to an issue. In a population-based algorithm, each one
of the members carries out a series of special operations and shares data with the
swarm. Swarm intelligence is a phenomenon that results from the combined impact
of relatively simple operations [12]. The operations entail localized interactions
among individuals and factors, culminating in a global outcome that optimizes the
system without necessitating a central controller. Typically, population-based algo-
rithms share two common aspects:

1. Exploration:  The ability to evaluate feasible solutions not in the current solution’s
neighborhood.

2. Exploitation: The ability to discover the optimal result in a feasible solution’s
neighborhood.

In an optimizer, the first part of iterations searches for a feasible area to find new
solutions, and the second part repeats the operation. On the other hand, the popu-
lation of this algorithm goes through the following three steps in each iteration to
achieve the goals of exploitation and exploration:

1. Self-adaptation: Every population member enhances their capabilities during
this phase.

2. Cooperation: During this phase, information is exchanged among the partici-
pants.

3. Competition: Better solutions are selected, while weaker ones are discarded at
this point.

The execution of these three steps is usually random and based on a probability
distribution function. For example, the process of the particle swarm optimization
(PSO) algorithm is based on the collective behavior of birds in search of food in
the wilderness. This algorithm follows three steps inspired by the birds’ behavior.
In this way, in the beginning, a swarm of particles is randomly formed in the fea-
sible region, and this algorithm, by updating the position of these particles, tries to
discover the optimal solution in each iteration. This is the competition stage. The
position of each member, which can be compared to a bird’s position in the wild,
is updated at every step with the help of two data points. One of the data points
is the best position the member (bird) has ever reached, which is known as self-
adaptation. This position is recognized, stored, and displayed in the algorithm with
Py The second data used by the algorithm are the best solution ever obtained by
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a population of the swarm and are called G,.. This is the cooperation stage. All
inspired meta-heuristics generate satisfactory results, and no meta-heuristic opti-
mizer can perform better in optimizing all objective functions. This study aims to
present a novel meta-heuristic for solving the following optimization problem [13].

min {f(X) : X € Z)Z = {X € RP : —co < min, < x; < max < +oo,d = 1,2,3,...,0}
()

where f : RP? — R is a nonlinear function, and min, and max, are the lower and
upper limits of the component x,,. It is clear that the maximization problems can turn
into a minimization problem as follows:

max f(X) = — min (—f(X)) 3)

In this problem, the position or solution of the ith member in the area Z is given
by X; i=1, 2, 3, ..., and the algorithm population is N,,. At this point, the f(X)
value is represented by f (Xi) = f; and is known as the fitness function.

Meta-heuristic algorithms attempt to replicate natural phenomena to discover the
best solution as machine intelligence approaches [14—16]. The classification of opti-
mization algorithms [17] is divided into four general categories depending on their
source of inspiration: (i) algorithms based on swarm intelligence (SI), (ii) algorithms
based on evolution (EB), (iii) algorithms based on physics (PB), and (iv) algorithms
based on games (GB). SI models the behavior of biological beings, plants, and natu-
ral processes; EB models the genetic sciences; PB models the behavior of various
physical laws; and GB models the behavior of different game rules. Table 1 summa-
rizes some popular optimization methods of the background research.

Now, the question is, why all these new meta-heuristic algorithms? It is worth
reiterating that, as stated in [33], different algorithms are required in different
domains to address the optimization needs of diverse test functions effectively. Pre-
vious research has shown that each algorithm is capable of achieving satisfactory
results for certain functions but may fail to produce optimal solutions for others.
This need for algorithm diversity is a widely recognized fact in the field.

Evolutionary methods traverse solution spaces with exceptional exploration capa-
bility, uncovering diverse solutions. They are meticulously designed to discover global
optima, skillfully avoiding local optima by fostering diversity in the population through
mutation, selection, social interactions, or inspiration from natural phenomena. Moreo-
ver, these methods showcase remarkable adaptability, adeptly navigating dynamic envi-
ronments and adjusting their search strategies based on feedback. Their versatility is a
testament to their potential to find successful applications in various problem domains,
including optimization, scheduling, machine learning, and data mining.

However, it is essential to acknowledge the challenges of evolutionary methods.
They can be computationally demanding, especially for large-scale problems or
high-dimensional search spaces, necessitating substantial computational resources
for fitness function evaluation and candidate solution generation. These methods
may not be the fastest in convergence, as the search process involves iterations and
generations. Parameter tuning is complex, as evolutionary methods rely on multiple
parameters such as population size, mutation rate, crossover probability, and specific

@ Springer



Flood algorithm (FLA): an efficient inspired meta-heuristic. ..

I9)emeas ur SuIpud

90BJINS S [}Ied 9Y) JOpUN PUB UO 9[IKd PUE MOJJ I9jem oY) JO JIOMUWLIOJ oY) AQ paxrdsur ST YOM ad  [zgl (VOM) WyILIoS[e 91940 19jep\  210T
udyjod Surieysuen syoasur oY1y siojeurjod
0) pajefal st 31 pue ‘axjew syue[d sdjoy uoneur[jod ‘siouuew uoneurjod omopy soumw vdJ  gd  [1¢] (Vdd) wypio3re uoneurfjod 1omo[d 7102
SJUSPNIS JO JOTABYQQ SuIyoes) pue Jurured] Ay, 1S [og] (O91L) wypod[y Surured[-3umyoea], [10C
uS1sap 10§ 9oe[d © 10J OO 03 S}eq JO PUAI} UOTJEIO[OYI? Y} SISN 1S [62] (vg) wyuoSe paxndsur-jeg 0107
Jo1Aeyaq pooiq onisered K10je31[qo uo
SPIIq puE SIIf JINIJ MO € JO SJUWAOW SUIAP AT o) Y3rm uonounfuod ur pajesrpaid st §O 1S [82] (SD) yoreas ooxond  600T
SME[ UOTIOUWI PUE [RUOTIRIIABIS URIUOIMAN UO PIsktq I8 SUOTIOUUO0D
1oy} pue ‘JyStom pue A1aeIS Jo so[ni oY) Surmor[oy sessewr Jo dnois € are sjuaSe yoress ayJ, ad (L2 (VSD) WLIoS[e yoIeas [euoneiiAeln) 00T
JIQUIOUE O} JUSWUOIIAUD QUO WIOIJ JUSW
-oaow sa10ads pue sonewayjew Aydei3oa301q pue[st U0 pasnoo} dNsLINAY-ejow padsur-oiq y qd [9z] (0g9) uonezrundo paseq-Aydeidoodorg 800¢
uonoeIe pue JUIYsey SOIPAIY JO SAINJLIJ A} UO Paseq JOIARYQ [BIO0S SATPIY SOTWIIA 1S [sz] (v) wyuode Agard  800C
uo1ssassod ur sa110)1119) 119y} Sunye) saardwo jeaisd pue
‘uonnedwod s1y) Surmp Jursde[od sardwo yeom ‘sandwd usamiaq 9[33nns Jsiperrodwr oy, dad [l (vDID) wiprode aannedwod isierradw] 2002
S91OUSPUD) SUIMOIS QAISBAUL ‘SUOLS JIAY) YIIM ‘QIn)[noriSe o) prezey e se syuerd
pue[do1d 9[qeIIsop 0) JOSUBp IS © JuasaIdar SPaapy "PIZIuo[0d Furaq spoam Aq paiidsuy aqd  [¢2l (OM]) uonezrundo poom dAISEAU]  900T
s1a39)ur Areurq jo ooed ur Surpoo jurod-3urjeoy jo uorn
-eorjdde oy pue ‘euswousyd ATeUONN[OAD [RINJEU ‘WYILIOS[E ATRUOTIN[OAD JUSIDT A[ATIR[AI aqd  [zal (4QQ) UonN[oAd [eNUAIPI 1661
ozrew Sun{eds
syooy paiq uo Apmys ayy paxdsur [£ 1] s Jepueualin) pue souddoy "aouddifeiur [euoneindwod
9ea1d 03 senroedes oANIUS0O [eUONIPET) JO PEAISUI SUOT)ORIAUI [eroos dnsidurs Ajuo Sursn 1S [12] (0Sd) uonezrundo wrems aponIed G661
UOTIN[OAQ UBIUIMIB(J-09U JOJ [BJUASS? 918 UONOJ[as pue suoneinjy  gd  [0Z] (VD) wipLod[e onouen 7661
uonnjoAd Jo poylew [eardoporq oyl  gd  [61] (SA) ASorens uonnjoay 6861
suoneINSYuod IOYJ0 YIIM S[eISAI0
Y11 smep Suneurwiif ‘AMors AI9A pa[00d UY) pue PIjeay a1k S[BLIJEW SUI[[BISAID YoIym
Kq ssao01d oy ‘Sureauue prjos Yim a3esn S)1 Jo UISLIO UOWWOD AY) 0} pANGLINe ST VS,, YL dad  [81] (VS) Sureauue poje[nwis €861
uonerrdsur Jo 901n0§  SSB[)  'SJOY ONSLINOY-BIOJN]  TBOX

spoyjow dnsunay-ejow rendod pue pasn Ajopim swos | 3|qeL

pringer

As



M. Ghasemi et al.

$991) 3JIS Ul 30UBUISNS pue SISAU II3Y) I0J S92INOSAT

JJe[nunooe 0} Aouepua) s snyderSooreyo souagoAlrd 9[199q ) UO PIseq PaJead sem I| 1S [9%] (vdd) wypriodre opoeq A1id  810C
IOAOU JUSIOLJA Ay AJriuapt
PUE ‘[BAISIUI Y} 9)e[NO[BD ‘POOY Y} SUIPUNOLINS JBIY Y} 9JL[NO[BD ‘JIWI] POOY Y} AJeAId
0) a1e Odd Jo seseyd Arewrid oy, “roueswap pajppny sumguad Joradwa ay) sojetwl jey], 1S [st] (0dA) 19zmundo umsuad Joredwy 8107
saseyd paseq
-uonjeaouur pue Jurped] ) pue ‘aseyd Funjuryl-dnoi3 oy ‘oousrradxe Surpnjour ‘Ioraeyeq
[eroos uewny soyeorjdor pue sonienb Sunjew-uOISIOOp JIOY) SOPN[OUT JudWIean [e100s YL, dd  [#¥] (0aD) uonezrwundo UOISTOAP IANI0D LT10T
sd[es Jo Jo1ABYaq WLIBMS J1[} 0] SUIPIOOJ. SHIOM I] IS [g¥] (vSS) wpriose waems dies /107
SWAISAS AUBL UT UAAS 2q AW YoIym
‘sJuage Jo UONIRIIE YY) PUB AB[IOAO 9Y) ‘SWISTURYOW Arewlid om] Jo s1sisuod poypowr siyy,  dd  [¢h] (VSA\) uonoeme uonisodradns paysop  £L10T
jInpe pue [eare] :soseyd urewr omj ojur
11ds st 91940 911 s .xaddoyssers oy ‘Ioraeyeq yoreas-pooj sururems siaddoyssein £q pendsug 1S [1¥] (vOD) wypuosde uoneziundo reddoysseln £10g
[OAQ[ SSQUAUY AU} PUE IZIEBW 0} }SIRAU JOOX
9y Aq o3uer Arewnid oy Furssasse £q paureiqo s1 UONLBIdUAF JXoU Y], "UONIA[[0d ATenigle
Jofew 9y} JO JOJUSD ) SI J] "YoIeas Y) JIe)s 0) 991} UTew Y} WOIJ SJ001 JUAIYIp sapnpull]  gq  [0v] (OLY) uoneziundo 901 pAOOY 90T
saseyd uoneiodeas y[nq pue 1oAe[-o[3uIs oY) A[owreu ‘A[[edo] pue A[[eqo[3
sa3e)s [enuanbas om) ur sonosjow sayepdn WYILIOI[e OFA V 208)Ins pajunow-jysrom
pue Jsnqoi e o uonerodead sonosjour 10jem 10§ sojdourid umouy-[om a3 s199Pa1 OgM  dd  [6€] (0dm) uonezrundo uonerodess 19Jep 90T
asugjop pue ‘Sunewr ‘Furyuny Y[ SIOIABYSQ UOI[ UO PIseq ST WYILIoT[e oy, IS [8¢] (vO1) wyiioSe uonezrwndo uory 910z
SOT)SIIOYOBIRYD dnbrun YiIm yoes ‘wra)s£s0od
Ue Ul 9AI[ suewWNY Jey) sownsse WyiLIog[e ay) ‘[opouwt onweukp orwopido YOIS o Sutssn gqd [L€] (QIV) 9SeasIp Snonoddu] [eroynte 9107
so[eym yoeqdwny jo wistueyoouwr ununy 1ou-9[qqnq Ay} ST IS [9¢] (vom) wpuiody uoneziundo afeym  910T
Areuosiad 10 A[eqol3 uonisod 3s9q ay) woiy uey)
1oy3e1 uonPdwod Pejds[as A[uopuel YSnoIy) ures] soponted oy ‘ssousannodwod rewrue uy IS [sg] (0SD) Iozmundo wrems aannedwod G107
UONBIUSLIO 9SIOASUR) ‘A[OWRU ‘WSTUBYIOUW UONRSIARU SUIOJA IS [¥¢g] (O4N) uoneziundo swey-yloN  S10T
Sununy 1oy Aojdwa soajom Aei3 wstueyoow Y J, 1S [ggl (OMD) 1oziundo jjom Ae1n 107
uopeIidsur Jo 9010 Sse[)  SJOY ONSHINAY-LIQN  Teax

(ponunuoo) | |qey

pringer

As



Flood algorithm (FLA): an efficient inspired meta-heuristic. ..

parerwi] are Sununy Aa1d ay) ur sio1aeyeq s e[inby ayg, 1S [29] (Ov) 1eziundo emmby 1702
PAMO[[O ST as095 p[im Jo opKd opif oYL, gd  [19] (VOM) WwyiLios[e 959938 PIIA 1207
O JO SISBq oY) ST [9POL [BONBUIAYBW JOARYDQ SUNUNY PUE I XOJ PaI oY, IS [09] (Od¥) uoneziundo Xoj poy 20T
SUOJAUUOD 9AIIRIOQR[[0d SIALIP Joguny [enpIAlpul ‘SOH U] g9  [66] (SOH) yoreas sowres 1o3uny  [70T
SwyLIoS[e A1BUONN[OAS PUB JUITI[[AIUT ULIBMS JO SIJauaq ay) Suneidaur
K19A103J9 ‘sassaoo1d aanonpoidal pue Jo1aeyaq WYSIY SAIPALW WOIJ PIALIP ST WYILIOT[e Y], IS [8¢] (VIN) wpio3[e AgAeIN  020C
MO 19JeM O1IORYD UT PAwLIo} sood[IIyM :90ua1Indo0 [exjeu e Aq pandsur sem | gd  [£S] (OMAL) uoneziundQ paseq-1ajem Jo mop jud[nqing, 00T
SUONN[OS JO UOTIOJ[0D & PUE “(JYSD) NI YoIeas Judrpeis pue
(0d7) toyerado Surdessa [eooj :s10jerado Arewrid omy Sundope £q 9oeds yoreas sarodxe Ogo ad  [9¢] (0gD) 1eziundo paseq-iuaipel (70
arem uoneSedoid pinowr awrs ay) Jo Joeqpaoy aanisod pue oaneSou oyy sajenwis VNS g9 [S6] (VINS) wpLioSTe pjow awis 0z0¢
WY} 2INFYUOD 0} PAdU OU SI AIY) 08 ‘s1jourered [0NUOD ou SeY 1 ey} ST OOS JO IJoudq
Jofewr oy, *S[[oYS 991} 9} JO QUO JOPUN PaLINg [[eq Y} JOA0JSIP 0} SIQDS Y Jo oS oy, go  [#6] (0DS) uonrezrumdo swes [[UYS  0Z0T
Aa1d pue s10jepaid usomiaq suonoeIoUI [8J130[01q Ul uoneziundo J)el IIUNOIUD J0f
Korjod e apis3uore £32)ens SuI3e1o} paseq-JudoAOW UBIUMOIG-AAYT © 3sn s10jepald uead IS [gg] (VdIN) wyiuioS[e siojepaid suLielN  0Z0T
ANSIOATP Yoreas 9onpold 0) SoUIpIes pue 159q A} JOJ YoIeds ) AJISUajuI 0}
ysyjres :suonendod omy sozinn yoeoidde siyJ, s1oyuny ysyjres jo dnoid e Aq pandsur sem QS IS [zs] (0S) Jozrundo ysyres 6107
IOTARYQQ SUISBYD JI9Y) PUB SYMEY SLLIRH SUOWE UOTRIOQR[[0d Y], 1S [1¢9] (OHH) uoneziundo symey steH 6107
sjuawaaow s 19Ae[d yoea jonuod s1okerd opis xis 03 dn pue
QUO JSBI[ 1Y "99IP JO JAqUINU Y} UO Paseq ‘W) 0) PauIsse sopmns Jo roquinu anbrun e sey
124e1d yoeq ‘s1oAed jo dnois e ore s1oyoreas oy) pue ‘Owes I9p[o ue uo paseq st wyiuodre YL, g0 [0G] (0D Q) ziwundo swes 201 6107
sa3u9qreyd uoneziundo SurA[os uaym e[NULIO} S, ATUSH SUIMO[[0] dad  [ev] (0SOHH) uonezundo Apiqnios sel AUy 6107
puedxa 0) vare urSia e 0) soaow pue uondiosqe Y31 10§ 9odwod 0) ssan
I9U)0 SMO[[B YO T, 9y} ‘Ia1e] JYSI] a1our qIosqe 0) pajdepe aAey Jey) soo1 pado[ersp-[fom
9y} Suowre PIPIAIP ST 92IN0S POOJ A} ‘oseyd UOTBOYISUSIUL Y} U] “JUSWYSLINOU pue JyIIjuns
10J Y3y syue[q "soseyd A9y om) mO[[0f YOI, Y} JO UONBOYISIOAIP pue uonedyisuaur oy, g9 [8] (vDL) wyiuod[e yimois 921, 10T
soronaed a81eyd 0113090 03 parjdde smef s.quioino)) pue s.uIpuer smoffod  gd  [L¥] 1ozrumdo vID 810T
uopeIidsur Jo 9010 Sse[)  SJOY ONSHINAY-LIQN  Teax

(ponunuoo) | |qey

pringer

As



M. Ghasemi et al.

osuodsar sunwiwur oY) pue ‘uoNOUI ‘UOISNIJIP :STeIS [BIOASS

SOAJOAUT VJIAID UIYIIM UOTIO9JUI pue Ajiunwir Jo uoissaisord oy, 'saiseawr 9An99)01d
-J[es uewny pue snIa 6T-qIAQD Y3 Jo peaxds oy) wo1j sand Sunye; £q pIATIOUOD ST VIND

JUSWIUOIIAUD [BUI9IXI AU} WOIJ uoneuriojur Surrmboe Aq parnjew sfenprAIput

yorym y3noIy} ssaoo1d oy sem 9xuod SIy) ut ‘Surured ‘Juowdo[essp [euosiad dourquS 0)

sor3orens Surures] Junsnlpe pue SuISSISSE POPNOUT UOTOIPIY 994D YIMOIT [BJ100S II9Y)
Surnp s9ss2001d JuTUILY] PUB UOIIOQPI S[ENPIAIPUL WOI) pajeurstio uonelrdsur ugisap oy,

wytioge uonezrundo o1y

-s10jowrered e ur SunynsaI ‘uonnjos Yyoed 10} A[[enpIarpur smojowered oururiolop 0} (1) o150
Kzzn SoZI[IIn pue saAeMIBay SuLnp saxoj Sulkp Jo so1Sajens [eAraIns ay) Aq paiidsur st SIyJ,

Supyoene pue ‘Sunrem pue Jumrs ‘Suryoress :Aoid Sumsind uoym so13ojens

Krewrad 9a1y) Kojdw ‘ssomoid Sununy I1ay) Joj paumoual ‘syejaey)) ‘pasodoid st (0D)
19z do yeaayd ) ‘sye1adyd Aq pakojdws sonoe) Jununy Yy woiy uoneirdsur Juimerq

uoneso[dxe oueyUS 0) SUONBINT

SuLmp uornonpal Ieaul] [enpels € se03I1opun aoeds YoIeas [eI0] 9y} (SD) YoIeas auo)) ay) uf

‘A[enpess spjojun uone)ro[dxs 0) uonero[dxe WoIj JJIYs Y IYM AS9JeN)S SATIOUNSIP B WOIJ
PauIod ST ,,0U0)),, ULId) 3y} ‘@0eds oIeas [8d0] SI UIYIIM SUONEII [RIIUT AU} UI A[Te[noned

S90INOS POOJ IS
Aoy se Sununy Surmp suedrjad Jo JOIARYQQ [BINJRU AU} AJR[NWIS SJUSSE YIIBas ‘YO Y U]

suro)ed yoreas pue ‘sioraeyeq ‘sassaooid uononpoidar ayeus s[opow OS MO ST

amerodwa) oY) pue ‘o[dure s pooj a[qe[IeA. oy} Uaym Joulted 1s9q 9y} 2INdIS 0) SUOIORIANUT
aannedwos ur sageSus oyeus yoeq “Ioiaeyaq Sunew oyroads soyeus £q pamdsur sem OS YL,

101gu0d 9y} Surmp sdoony Awwre Jo syjuswasow d139)ens Y3 Aq papIng ‘OuI0INo 159q Ay}

premo) sossardod A[[eoruueup I9Ip[os Aue uraIoym ‘aimpasoid uoneziwndo ue se poUOISIAUD
ST A301e1S Tem Q] “OAISUJJO PUE QAISUIJIP :9IefIem U $O110) [ejudwepuny om) skeniod OSm

s[ewrue

A91d U1 poAIasqo JOIABYDQ ISBI[I QATIID[AS SAJR[NUWIIS PUB SIISIIRI)S SUIYIIRUL JOF SOJBT JUSl
-9AQ1YoR sAjeIodiodur Yorym ‘fopowr re[n3al e ojul suonedoyroads aanounsip sayerodiooul vdd

g4

q4

IS

IS

IS

IS

IS

gD

IS

[1£]

[oL]

[69]

[89]

[£9]

[99]

(<9l

[+9]

[€9]

(VAIND) wiptios[e uonsojoid Ysew SnIABuOIO)

(0D) 1zrundo Yimoin

(0dy) Tozrundo saxoy Suik]g

(0D) Tezmundo yeleay)

(SD) yoIeas auo)

(VOd) wptiode uonezrumndo uedrog

(0S) Iozrumndo ayeus

(OSA) uoneziundo A391ens Tep

(vdD) wyprod[e uonepaid Auojo)

£20¢

£€20T

£20C

eoe

[4d\14

coe

[4d\14

0T

1c0c

uonexdsur Jo 921n0S  SSB[D)

'spoy

ONSLINAY-RIAIN

Teox

(ponunuoo) | |qey

pringer

As



Flood algorithm (FLA): an efficient inspired meta-heuristic. ..

ss2001d 2Andnio oy pue sjouueyod 10y JuryoIeds :sdoys
SUIMO[]OJ ) SOAJOAUT I “OPIMP[IOM SUOIZAI SNOLIBA UT SULLINOJO SJUAAD [ensnun wolj paatleg  dd  [gL]
SONIANOE
SurSe1o} Joy) Surmp sSnqpeq Suowre uondRINUI [R100S Y Sunernwis £q ‘uonero[dxs pue
‘uoneyofdxo ‘soseyd [enuassa om) opnour 0} pausIsap SI 1] “JelIqey [eINjeu JIdy) UM ssnq
-Paq Ul PAAIASQO SIOTABYIQ ATBUOTIR)S pUe JTWeuAp oY) woij uonerndsur urewr )1 smerp VHING IS [cL]

(vAD) wipuosy paxdsur 105400 €70¢C

(VHIE) wipnios[e onsuney-elow Snqpag €70

uonerdsur Jo 90IN0g  sse[)  "Sjoy

OISLINGY-BIOJA  TBOX

(ponunuoo) | |qey

pringer

As



M. Ghasemi et al.

algorithmic parameters. Selecting appropriate values for these parameters can be
intricate and require manual tuning or optimization. Furthermore, there is a risk
of premature convergence, where evolutionary methods can get ensnared in local
optima or converge prematurely, leading to suboptimal solutions. Maintaining diver-
sity within the population and balancing exploration and exploitation are pivotal to
addressing this issue.

The FLA’s equations are not merely abstract mathematical constructs but rather
intimately correlated with the population’s diversity, reflecting the dynamics of
natural phenomena. These equations acknowledge the interdependence of popula-
tion members and operate in a way that preserves their dynamics during the search,
regardless of other members. This connection is particularly evident in the natural
occurrence of a flood, where the volume of water embodies energy, a force that
magnifies with the amplification of water volume.

By integrating fundamental concepts derived from natural phenomena, the pro-
posed algorithm holds great potential for significantly enhancing optimization per-
formance. The algorithm population, analogous to the water mass in nature, is cru-
cial in finding the optimal solution to the objective function. The algorithm employs
a crowd-based mutation mechanism to facilitate movement toward more optimal
points, emulating the collective motion of water along slopes. Moreover, the algo-
rithm introduces novel equations of mutation or movement within the population
to expedite optimization speed and promote population diversity reminiscent of the
natural flooding phenomenon. Furthermore, an equation based on the iteration count
is incorporated to enable the possibility of running a new mutation, drawing an anal-
ogy to the rate of flow exiting a pond. Additionally, the algorithm augments the like-
lihood of new mutations by leveraging an equation tied to the cost of population
issues, akin to the water impermeability coefficient of soil. The algorithm further
strengthens the capacity for escaping local optima and enhancing population diver-
sity by generating new populations, akin to replenishing water through processes
like melting snow, rainfall, or groundwater. This concept is complemented by selec-
tively eliminating weaker populations, mirroring the natural phenomenon of water
loss and disappearance through diverse mechanisms. The iterative nature of the
algorithm simulates the search process for improved solutions, offering more oppor-
tunities akin to the cyclic pattern and fluid flow observed in nature. By integrating
these concepts, the proposed algorithm strives to augment optimization performance
by emulating the behavior exhibited in natural phenomena. Consequently, it presents
a promising prospect for advancing optimization algorithms and modeling natural
phenomena.

In general, the superiorities of the suggested natural and physical optimizer, FLA,
can be summarized and expressed as follows:

1. The novel and powerful idea of the basic algorithm: as a novel meta-heuristic
optimizer based on a physical phenomenon in nature

2. High ability to find optimal solutions for different functions compared to standard
algorithms

3. Acceptable speed in finding the optimal solution with a suitable robustness
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2 Flood algorithm (FLA)

In this part of the paper, the proposed meta-heuristic optimizer, which is designed
via mathematical modeling of the flood phenomenon, will be explained, and the var-
ious components of this new optimization algorithm will be discussed.

2.1 Modeling of FLA

To design and create new inspirational meta-heuristic algorithms, we will explore
various hypotheses and establish equivalences through mathematical modeling. For
example, in the context of the genetic algorithm, the alignment of genetic and opti-
mization processes relies on underlying assumptions. These assumptions manifest
across various facets of the optimization algorithm, encompassing selection, crosso-
ver, and mutation. Furthermore, scientific concepts are articulated through straight-
forward mathematical models to introduce an optimization algorithm [74]. In the
proposed FLA algorithm, as in most of the optimization meta-heuristics suggested
in recent years, the FLA initially begins with a specified swarm, which is a model
of the amount of water in a watershed that arises randomly. The position of water
masses indicates the feasible solutions to the problem and is equivalent to particles
in optimizing the particle group. River flow from this watershed is the equivalent
of a possible population route to find a new location. The water masses exit this
pond through the river with a general coordinated velocity and movement toward the
slope, which is equivalent to the natural movement of a stream or particle mass. As
mentioned, this basin is located in a watershed, so, in certain conditions that will be
modeled, which depends on the amount of water flow out of the basin, a flood will
occur, and the movement of water particles will be disturbed and increased. This
motion is the core of FLA and causes the particle mass to move toward the optimum
solution or the absolute minimum cost of the issue. As in the real world, if water
infiltration in this pond into the soil is low, the possibility of flooding will increase.
Two items that will increase the likelihood of floods in this watershed are melting
snow and rain and adding water through other rivers or even springs, modeled in the
suggested FLA so that it can escape from the optimal local solutions.

This section describes how to model the flood, as well as how to implement the
proposed algorithm. Figure 1 shows a watershed area. A small water basin collects
water from waterfalls and melting ice and snow. This basin consists of streams flow-
ing into more extensive waterways such as rivers, lagoons, rivers, and seas.

2.2 Flooding phenomenon

Flooding is one of the most complex and destructive processes of natural events,
which is often known as a destructive phenomenon and has important biological and
economic effects. The melting of large volumes of snow trapped at elevations rela-
tive to the average water level in a river, or the interconnection of water of several
rivers and springs, and many factors such as rainfall characteristics, topology, river
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Fig. 1 Rhine river floodplain
flood

morphology, area features, environmental structures, and human activities can be
mentioned [75]. A wide variety of works have been performed in flood prediction
in various watersheds in the field of flood hydrograph prediction [76—78]. Hydro-
logical simulation models of precipitation-distributed and semi-distributed run-
off along with the knowledge of characteristics of watersheds and their climate are
some of the proposed solutions, such as how much water penetrates the soil in the
area, which should be considered to identify flood areas and determine the nature of
destructive floods in basins [79].

In fact, during floods, considerable amounts of water come out of the river and
occupy new areas. In the proposed algorithm, we hypothesized that the flood would
cause turbulence in the water mass or a swarm of the proposed algorithm, which
would play a role in finding more efficient solutions so that the speed of the water
search space or a swarm of the algorithm would increase dramatically. This flood
randomly depends on the flow rate of water leaving the estuary, and the soil’s low
permeability increases the probability of flooding. Also, with the melting of snow
or rain, some water is added to the river, as well as the effects of the sun, heat, and
wind, and holes and ponds along the river cause water to evaporate or trap large
volumes of water. It is better to consider these two opposing phases in a reciprocal
phase so that this amount of new excess water volume replaces the amount of water
loss. Hence, these two volumes or the number of populations are equal in the opti-
mization algorithm. Mathematical modeling and inspiration from flood and water
flow for the proposed algorithm are according to Table 2.

2.3 Proposed FLA

Mathematical modeling of the suggested FLA meta-heuristic for optimization is
performed in the following main sections:

e Move the population toward the solution of the best cost of the objective func-
tion (move in the path with the highest slope to move the water)

e Creating floods and or disturbances in the movement of the population

¢ Increase the new population and reduce the weaker population (increase and loss
of basin water)
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Phase I (Regular movement phase)

This phase includes population search in the problem dimension (natural move-
ment of water toward the slope or better points), modeling population or water flow,
soil impermeability coefficient, and its effect on flooding. As mentioned, the direc-
tion shows the best particle of the swarm or mass of water. S,,,, in other words,
shows the exact slope of the path for water to pass. For example, the S;-th particle
moves naturally to the slope and gains a value approximately equal to S, and, in
fact, in the science of optimization, it aims to reduce the distance between itself and
the best member, that is, it moves and moves around S, about §;— ;. This natural
motion is shown in Fig. 2. This equation of general motion is given as follows:

S = Sy + rand X (Sj -5 )

where rand generates random values between O and 1 to the size of D. The problem
has a dimension of j=1: D. §; is the jth randomly member of the population. Based
on the above equation, it can be seen that the water mass tends to flow toward the
slope of the path and moves naturally, or in other words, toward a better solution. Of
course, the water moves in the direction of the river because there is pressure behind
it, and it does not have to be a slop necessarily.

As mentioned above, with the increase of water flow from the river, for any
reason, there may be floods and turbulence in the movement of the water volume.
In modeling and inspirations, we have modeled this depletion coefficient or flow
of water according to the iterations of the algorithm, which has been modeled in
the following equation:

VIter,, . x Iter? + 1

Iter,, 5
xln(\/ltermaxxlter2+ 1 +T) )

_12
Iter

Pk

1
+ Trer,
( —lnax )Xlter
4

In the above equation, Pk is the water depletion coefficient, Iter,,,. shows the
maximum size of algorithm generations, and Ifer shows the current generation
of the algorithm. Figures 3, 4, and 5 illustrate the sample changes curve for this
depletion coefficient for Iter,,,,=5000. In Fig. 3, this coefficient starts with a

Fig.2 Natural move in the path
with the highest slope to move
the water (Rhine River)
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Fig.3 The sample changes curve (log (Pk))
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Fig.4 The sample changes curve (log ((Pk)™""))
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Fig.5 The sample changes curve (log ((Pk)™"")/Iter)

maximum value of 0.0702 and ends with a minimum value of 4.8000E-08 at the
end of the algorithm.

However, as it turned out, the flood event will happen randomly with the probability
of a random rand value, which during the flood will be the equation of motion of the
water masses as in Eq. (6). As can be seen, the water masses rush randomly from the
pond to this side and the other side of the area independently of each other and depend-
ing on the amount of water depletion coefficient.
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( P k)mndn
S;IEW — Si =+ <W> X (mnd X (Smax - Smm) + Smin) (6)

In the above equation, randn will be a normal distribution whose value changes
between infinite negative to infinite positive, which is one-dimensional. S, , and
S,.in are the maximum and minimum control variables of the problem in question, or
in other words, the search space limits. In Fig. 4, a sample change of the coefficient
PK'™4" is well shown, which causes disturbance in the movement of water masses dur-
ing floods, and throws the particles around. This also prevents trapping in the local
optimal solutions.

On the other hand, the effect of water permeability in the area’s soil causes water to
sink into the soil or get stuck in the holes and spread around or evaporate water, reduc-
ing the likelihood of flooding. We have modeled this effect based on the equation of
the cost of the optimization function for any population, which can be a different value
for each member. This equation shows that the lower or better the cost of the objective
function of the mass value, the lower the soil permeability coefficient and the higher
the probability of flooding. This effect is given in the following equation and is also
shown for a member of the population in Fig. 6 in different iterations of the algorithm.

2
Pe. = f(Sz) _fmin

= 7
' fmax _fmin ( )

In this equation, f,;, and f,,,, show the best and worst values of the optimiza-
tion function found up to the current iteration of FLA. In FLA, this probability is
reduced by the probability of flooding due to the depletion of water from the pond,
and as a result, the probability of flooding will decrease. The following code illus-

trates this phase well for ith particle:

ifrand > rand + Pe,

|| rrr TPy r[ yrer: "'”H" "y

rand
rand +Pel.

R E WWT‘MM"W‘*

0 " AT A A S TP LI o gk L Ll ml ALy
0 1000 2000 3000 4000 5000
Iteration

Fig. 6 The probability of flooding for a typical member decreases with increasing time
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randn
Srew — Si + & X (rand X Smax - Smin + Smin
i Iter

else
SI = Sy + rand X (S; = S;)

end
Now, there is a new position for the ith swarm called Slf’ew, which is compared
with the previous position and replaces it if it has a better value.

Phase II: an increase and decrease in the basin water or population in the
algorithm

In nature, the amount of water in a pond is rejuvenated by rain and melting snow
or water through springs. On the other hand, water sinking into the ground or get-
ting stuck in holes or even evaporating causes some volume of water to evaporate,
as shown in Fig. 7. As mentioned before, we considered the two to be reciprocal,
meaning that Ne number of water particles evaporate, which are the weakest mem-
bers. On the other hand, when Ne water particles are added, the total number of
particles will remain constant. This process is shown in Fig. 5. Conversely, the prob-
ability of occurrence of these two opposite conditions (P?) is assumed to be equal.

sin ( rand )‘ ®

Iter

Pt =

Figure 8 shows the probability of increasing and decreasing the basin water or
population in FLA during its iterations, which decreases over time.

These new particles will replace the worst solutions and are added to the system.
As can be seen from the equation below, the new particles will be around the best
position:

,,Jfr
.‘ha—’

,:/ //// //

Fig.7 The example of increase and decrease of water in the basin
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0.01

&0.005

0 1000 2000 3000 4000 5000
Iteration

Fig. 8 The probability of increased and decreased water in the basin or population in the algorithm (Pt)

S1W = 85y + rand X (rand X (S,uc = Spin) + Spin)
e=1: Ne

C))

Now, this cycle will continue until a desired number of iterations are executed or
an acceptable optimal solution is achieved by the user. Figure 9 shows the flow chart
of the proposed FLA, and the pseudo-code of this algorithm is shown in Fig. 10.
Notably, only the differential terms are not responsible for the displacement of the
population. Leveraging effective ideas can enhance the algorithm’s efficiency. Such
ideas are notably illustrated in Egs. (6) and (9). These equations ensure that the pop-
ulation members can still be improved even if converging to a local optimum.

2.4 Computational complexity of FLA

Initialization, fitness evaluation, and population updating determine how complex or
time-consuming the calculations of FLA will be. Npop is the size of members, and
so the computational complexity of the initialization process and updating process
are obtained as O (Npop) and O (Npop X Iter,,,.)+O (Npop X Iter,,,. X D). The latter
formulation includes researching the best solution. Consequently, the ultimate com-

putational complexity of FLA will be O (Npop X (Iter,,,,,.+ Iter,,,. X D+ 1)).

3 A basic understanding of FLA performance as a new meta-heuristic
optimizer

In this section, we get a basic understanding of how FLA works and compare its
performance quality with some basic and well-known algorithms so that we can use
this data to gain general knowledge of FLA in the continuation of this paper. The test
cases are run by MATLAB utilizing a laptop computer with an Intel Core i7-7700
CPU with a clock rate of 3.6 GHz and 32 GB of RAM. Moreover, in this part, to
show the efficiency of FLA for various real-world functions related to real-world
problems, we have selected 14 test functions of CEC2005 and standard modern
optimization functions, including various multimodal and unimodal minimization
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Fig.9 The flow chart of the sug- .Be in
gested FLA £

Arrange values the control parameters of the
optimization problem and Flood Algorithm

create the initial swarm for Flood
Algorithm

Assess the level of fitness of the
initial swarm

Update the swarm via the Flood
Algorithm mechanism (Eq. 4-9)

'

Does the new member
have a lower cost
compared to the previous
member?

Yes

\/
Swap the position of the previous
member with that of the new
member

<
<%

\i

Is there a recently added
member that costs less
than the best member? No

1
Yes

swap the positions of the recently
added member and the member
who performs the best

A

No \
Is stop criterion satisfied?

Yes

Done

functions, which have been used widely in the recent studies, as criteria to meas-
ure the robustness and capability of FLA. The information presented in this section
outlines the top-performing solutions of each optimizer based on two distinct meas-
ures—mean and standard deviation (Std.) results. These values are computed across
30 independent runs for each optimizer.
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Algorithm 1 FLA optimizer

Initialization: To arrange sizes of the initial parameters of

27:

FLA: the scaling factor Ne, iterations (generations) max-
imum number /ter,,q., and the swarm size Npop and
setting the generations number /ter = 0 for population;
: To create the accidental initial swarm Npop(i =
1,2,...,Npop);
Si = Smin + rand X (Smaez — Smin)
. To evaluate the fitness of the initial random swarm;
: while The i till Iter,,,, do

To arrange the generations Iter = Iter + 1;
for i =1 to Npop do
Pe; = (f(Si)*fmin )2

Smaz—fmin

if rand > rand + Pe; then

pprandn

Spew = Si + S—— x (rand * (Smaz — Smin) +
Smin) — (Flood flow: Chaotic and fast movement)
else
S = Spest + rand x (S5 — S; ) —(Regular
movement)
end if
if f(S7") < f(S;) then
Sy =S and f(Spest) = f(5:);
end if
if f(S;) < f(Spest) then
Sbest = S’i and f(sbe‘sl) = f(Sl),
end if
end for
if rand < Pt;Pt = |sm(r[j—f,d)| then
for e =1 to Ne do
Snew = Spest +rand X (rand x (Smaz — Smin) +
Sinin) —(The increase and decrease of water)

if f(Sfl)mw) < f(Sbrfsf.) then
Sbes[ — S;I("u" and f'(sbeu) - f(S:'m“);
end if
end for
end if

28: end while
Output: Return the optimum solution that has been optimized

by FLA: Shest

Fig. 10 The pseudo-code of FLA

3.1 CEC2005 test functions

Nowadays, designers, engineers, and researchers deal with various complex non-
linear and complex problems whose optimization functions are much more com-
plex than traditional, conventional testing functions. Many real test functions
have been proposed, such as the CEC2005 test functions [80], which have been
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used successfully in many papers [57]. For this reason, in this paper, only func-
tions 1 through 14, respectively, are applied to show the efficiency of FLA, as
shown in Table 3. Also, for example, Fig. 11 depicts the three-dimensional (3D)
specifications with the convergence of FLA through a run for the F2, F5, and F11.

When FLA starts, the movements are abrupt and converge step by step. Search
history and the path of the first search factor in the first dimension are plotted in
Fig. 11 to illustrate the convergence behavior of FLA for the F2, F5, and F11. The
second and third columns in Fig. 12 report the search history of the search factors
and the convergence, respectively.

3.1.1 The effect of Ne on FLA

As previously stated, the FLA has a control parameter known as Ne, which can gen-
erate different values and outcomes when applied to different problems. The follow-
ing analysis of this control parameter has been conducted based on a range of test
functions. We have employed a system that runs 30 times for all tests for each func-
tion. The number of fitness evolutions is 300,000 [80], and all problems’ dimensions
are set at 30.

Under the same conditions, various values are taken into account for the Ne
parameter in the initial test. Optimization is carried out for standard real-parameter
functions for these values. The different values chosen for Ne are 1, 5, 10, and 20.
The algorithm’s population number for this section is 60. As shown in Table 4, it is
clear that Ne=5 can be a good choice for all functions, which we have used in this
paper to do a comparative study. Note that the symbol Mr represents the average
rank across all functions. Nb refers to the number of times the best rank is achieved,
while Nw denotes the number of times the worst rank is obtained in all simulations.
For a coefficient of Ne=35, the FLA has a minimum value of Mr=2. Moreover, this
value has the lowest Nw when compared to other Ne values, making it the optimal
limit.

3.1.2 FLA with the various population sizes

One of the parameters that needs to be determined by the user in FLA is the number
of population, N,,,,, which is similar to other algorithms. To find the best value for
Npop, we tested FLA with three different values of 30, 60, and 90 on the functions
introduced above. The results of the test are presented in Table 5, and it can be con-
cluded that choosing 60 as the population size is a suitable value for most of the
functions that need to be optimized using FLA. Therefore, we set the population size
to 60 in this study. By using this value, the proposed algorithm achieved a minimum
value of Mr=1.64. Moreover, Nw, which is the desirable limit, was also lower in the
algorithm with a population size of 60 compared to the other tested population sizes.

In general, to show the value of any proposed new algorithm, it should be
compared with standard, widely used basic algorithms in equal and fair condi-
tions to determine the efficiency of FLA better. In this study, simulation and
optimization are performed compared with several standard popular algorithms,
including ABC, BBO, DE/rand/1, MPSO (modified PSO), FA, RAO1, WOA,
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Fig. 11 A 3D trend of CEC2005 functions with the convergence of FLA for a sample run for the F2, F5,
and F11

and PSO, in the first phase of recognizing FLA. We have selected the population
number and variables of each algorithm based on the primary reference of the
algorithm, as shown in Table 6. We use the same system for any method with 30
runs for any function with D =30.

The results of optimizers are presented in Table 7, which are based on two
criteria: mean and Std. values over 30 independent runs for each function. The
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Fig. 12 Search trajectory and history in the first dimension by the first population

proposed algorithm seems to provide better optimal results than other algo-
rithms, given the abovementioned criteria. Additionally, the last part of the table
includes a comparison of different algorithms, where “+ " denotes a better result
than FLA, “—* represents a weaker solution, and “=" indicates an equal value.
The proposed algorithm outperforms standard and basic meta-heuristic algo-
rithms in optimizing real-parameter functions under similar conditions.

The results indicate FLA’s potential to be considered a robust new emerging
algorithm. FLA has achieved the best solution among the algorithms for 6 out
of 14 functions and has also won over ABC, BBO, DE/rand/1, MPSO (modified
PSO), FA, RAO1, WOA, and PSO algorithms for 11, 10, 9, 10, 8, 12, 14, and 14
functions, respectively.

To enhance clarity, we conducted a Friedman’s test [88, 89] on the dataset
presented in Table 8. This statistical analysis yielded valuable insights, including
Friedman’s rank (Fr), mean Fr (positioned one line before the final line), and the
final rank (found in the last line). Notably, FLA emerged with the highest Fried-
man average rank, underscoring its remarkable efficacy compared to the other
algorithms. The proposed algorithm, FLA, outperformed established techniques,
securing its position as a leading optimization solution. Following closely, the
FA and MPSO algorithms claimed the second and third ranks, respectively.
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Table 5 The optimal results for the CEC2005 functions by FLA with Ne=5

Functions Npop
30 60 90
Mean + Std Mean + Std Mean + Std
Rank Rank Rank
Unimodal F1  7.36E-28+3.83E-28 4.63E-29+7.85E-29  0.0+0.0
Functions 3 2 1
F2  297E-26+2.42E-26 2.62E-27+2.87E-27 2.21E-27+2.97E-27
3 2 1
F3  67,835+24,752 77,947 + 36,867 122,690 + 54,264
1 2 3
F4 18.98+21.37 0.05376 +0.1084 0.01764 + 0.0258
3 2 1
F5 5386+1926 2805 +1083 2692 + 1277
3 2 1
Basic Multimodal F6  0.6644 +1.63 9.97E—-03+2.35E—01 1.32+2.05
Functions 2 1 3
F7  0.0188+0.016 0.020+0.0156 0.0233+0.0226
1 2 3
F8  20.44+0.126 20.56+0.1207 20.61+0.1197
1 2 3
F9 122+34.9 117+13.19 85.8 +35.00
3 2 1
F10 238+32.5 199 +76.07 200+ 101
3 1 2
Fl11 27.20+4.06 23.8+2.87 27.6+4.40
2 1 3
F12 193,608 +258,652 54,190 + 23,674 71,109 + 58,647
3 1 2
Expanded F13 13.53+8.02 6.0+2.36 5.76 +2.16
Multimodal 3 2 1
Functions Fl14 12.48+0.922 12.22 4+ 0.604 12.85+0.6913
2 1 3
Nb/ Nw/Mr 3/8/2.36 5/0/1.64 6/6/2.0

The bold numbers indicate the best solutions for each function

Conversely, the PSO and WOA algorithms displayed weaker performance,
receiving the lowest ranks based on Friedman’s analysis for the specified problems.
Furthermore, the convergence trends of these optimizers were visualized in three
figures, focusing on sample functions 2, 5, and 11 (Fig. 13). Noteworthy is FLA’s
commendable and acceptable convergence trend, showcasing its notable capability
to navigate away from optimal local solutions. This outcome reinforces FLA’s stand-
ing as a promising algorithm with significant potential in optimization scenarios.

The outcomes presented in the table, coupled with an exploration of conver-
gence traits across various functions, underscore FLA’s suitable and commend-
able superiority over foundational algorithms like ABC, BBO, and PSO. FLA
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distinguishes itself by orchestrating floods and turbulence within the particle
mass, significantly elevating its optimization prowess. This innovative approach
involves augmenting local search capabilities, removing entrapment in subop-
timal local solutions, and demonstrating a favorable convergence speed. The
distinctiveness of FLA’s methodology positions it as a noteworthy advance-
ment compared to essential algorithms such as ABC, BBO, DE/rand/1, MPSO
(modified PSO), FA, RAO1, WOA, and PSO. This recognition is a testament to
FLA’s efficacy and potential to outperform established algorithms, marking it as
a promising and innovative addition to the optimization field.

3.2 Comparing FLA with those of the recent algorithms

We have also done some other tests to compare the FLA and other methods based
on efficiency and robustness, as shown in Table 9. The list of these new algorithms
includes real-coded genetic algorithm (RCGA or GL-25) [90, 91], comprehensive
learning particle swarm optimization (PSO) (CLPSO) [90, 92], self-adaptive differen-
tial evolution (DE) (SADE) [93, 94], the ensemble of parameters and mutation strate-
gies in DE (EPSDE) [95, 96], adaptive unified DE (AUDE2) [93], fully informed PSO
(FIPSO) [97, 98], orthogonal learning PSO (OLPSO) [97, 99], and static heterogene-
ous PSO (SHPSO) [97, 100], which are tested on CEC2005 benchmark.

According to the results, the most remarkable accuracy is observed for EPSDE
and FLA in unimodal functions. The best result of the FLA is achieved on F2, F3, F4,
F6, and F11, while it ranked second for functions F1, F8, and F14. Moreover, as per
Table 9, CLPSO, EPSDE, and OLPSO are equally potent in giving the mean values of
function F9.

Based on Table 10, FLA is superior to the rest of the compared algorithms when
the average ranking-based Friedman test is adopted. OLPSO and EPSDE take the next
rankings, followed by CLPSO and GL-25. Even though OLPSO and EPSDE show sig-
nificant performance in some functions, they are not as efficient as the proposed FLA
method.

3.3 Convergence of inspired meta-heuristics

Over the last 20 years, there has been significant progress in the performance and effi-
ciency of meta-heuristic algorithms. However, an important question is whether these
algorithms converge to the optimal solution. To address this, Gutjahr [101] has studied
the convergence of these algorithms to a proposed solution Xé’gt, which represents the
best approximation found so far for the optimal solution in a given iteration Iter. Sup-
pose the optimal value of the optimization function in the problem is as Eq. (2), f*,
assuming that the Z region is finite. In that case, we show that f (Xé’::[) converges to f*
when Iter — . To achieve this goal, we introduce the index function I, which is used
in the following equation:
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Fig. 13 Convergence trends of
optimizers for the a second (F2),
b fifth (F5), and ¢ eleventh test
benchmarks (F11)
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Flter — I(f(xlter)) — { lif f(th:;) =f* (10)

best Ootherwise

If the optimal solution is found in iteration Ifer, then F’ fter — 1. and F" =0 otherwise.
Also, the time of the first hit is shown by ¢, and is defined as follows:

t; =min {lter > 1 : F"" =1} (11

If it is assumed that the mathematical expectation is represented by E and the prob-
ability function is represented by P,, then:

kjer = E(F"") = P.(F"" = 1) = P, (1) < Iter), Iter = 1,2, ..., Iter,,, ~ (12)

So, (X! ) converges to f* only and only if k,, — 1 when Iter — co. Assum-

ing a simplified random search and if the probability of occurrence of an optimal
solution in an iteration of the algorithm is Py, (0 < Py, < 1), and regarding the

independency and standard geometric distribution, we have:

Iter

P.(F" =0)=(1-Py,)
lim P, (F" =0)=0

iter—+0o

(13)

Therefore, k;,,, — 1 when Iter — o0. To put it another way, convergence to the
optimal value when Ifer — oo occurs with a probability of 1. Hence, according
to what has been said before, when the algorithm includes only random search,
its convergence when Iter — oo occurs with a probability of 1. When examin-
ing the entire area of the optimization problem through the use of Fluid-Particle
Algorithms (FLA) with either regular or chaotic water particle movements, the
value of Py, i.e., the probability of finding an optimal solution within a single
iteration, either increases or remains the same when compared to the probability
of finding an optimal solution through random search. Based on this observation
and similar reasoning, it can be concluded that the proposed FLA has a conver-
gence. Simply put, when Iter — oo the FLA will converge to the optimal solution
of the problem with a probability of 1.

4 A comparative and comprehensive study of the FLA

In this part, the efficiency of FLA is compared with modern inspired optimizers
through the real-parameter functions of CEC2014 and by applying them to twelve
common optimization problems in engineering.

4.1 Real-parameter optimization on the CEC2014 test functions

The CEC2014 suite is used to analyze the robustness and capability of the FLA in
terms of exploration, exploitation, and local optimum avoidance. Four classes are
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Table 10 Mean rankings computed by Friedman test on CEC2005

F GL-25 sHPSO OLPSO FIPS Fr AuDE2 CLPSO jJDE Fr EPSDE FLA Fr
Fr Fr Fr Fr Fr Fr

F1 7 3 3 3 9 3 8 3 6

F2 5 3 4 6 9 8 7 2 1

F3 4 2 7 8 9 6 5 3 1

F4 2 8 4 3 7 6 5 9 1

F5 3 8 5 2 9 6 7 1 4

F6 5 8 4 7 9 3 6 2 1

F7 4 6 1 5 9 8 7 2 3

F8 5.50 1 9 5.50 5.50 5.50 5.50 5.50 2

F9 4 7 2 6 8 2 5 2 9

F10 4 9 3 6 5 2 7 1 8

F11 7 6 2 9 5 3 4 8 1

F12 8 3 1 6 9 2 4 7 5

F13 8 6.5 1 9 6.5 2 5 3 4

Fl14 6.5 6.5 6.5 6.5 1 3 4 9 2

Fr 5.2143 55000  3.7500 5.8571 7.2143 4.2500 5.6786 4.1071 3.4286
Total 5 6 2 8 9 4 7 3 1

rank

The bold numbers indicate the best solutions for each function

discussed for 30 CEC2014 test functions [102] as real-time functions. The same is
followed in this paper so that a comparison between the FLA and some other algo-
rithms is made.

4.1.1 Effect of population size on FLA

The FLA is free from control parameters, but the sizes of iterations and swarm are
set manually. Four populations of sizes 30, 45, 60, and 90 are used to test the FLA.
The tests are performed using only one system, and the program is run 30 times, and
as any function has 30 dimensions, the number of evolutions is 300,000.

Mean, best, and Std. quantities have been reported in Tables 11, 12, and 13; Nb,
Nw, and Mean are presented in the tables. It is also observed that when the size of
the population is small, more suitable unimodal functions are found. On the other
side, populations with large sizes provide more acceptable multimodal functions.
However, a compromised solution is obtained if the population size is between 30
and 90. As the tables report, the paper adopts a population size =90.

As is observed, FLA succeeds in discovering the optimal location without even
trapping in the local optimum points, and its convergence speed is highly acceptable
when applied to functions of CEC2014. So, one can trust this algorithm’s reliability
and robustness. Table 10 and Fig. 14 provide the convergence data for 5-example
test functions.
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4.1.2 A comparative study on the CEC2014

The selected test functions with dimensions of 30 are run 30 times, so each function
evolved 300,000 times. Npop for FLA has been chosen 90, while for the rest of the
algorithms has been chosen 60.

The control parameters used for each algorithm are selected based on the original
version of the algorithm as well as its modified versions. The value of these control
parameters for any method is briefly described in Table 14.

Table 15 lists the obtained results, while Table 16 reports the values of Friedman
mean ranks and final ranks. As shown in these tables, the FLA performs on the test
functions and is superior to its counterparts in most cases. As the tables report, the
algorithms are not the same, and their successful performance on test functions dif-
fers. The results also highlight the unusual behavior of the FLA in terms of explora-
tion and exploitation potential.

The results of Table 16 prove that the FLA is robust and trustable when compared
with its counterparts and provides the lowest rank of Friedman mean. Consequently,
the FLA is ranked first as it never provides the worst result in comparison to its
meta-heuristic.

4.1.3 Comparison with the recent optimization methods on CEC2014

Table 17 compares FLA, and some recent optimization methods with a dimension
of 30 applied to the CEC2014 functions. The list of algorithms includes CMA-ES
[105, 106], LJA (Jaya with Levy flight) [107], MFO [34, 108], CS [109, 110], TOG-
PEAe (Gray Prediction Evolutionary Algorithm based on the TOBL) [111], SOS
[112, 113], MG-SCA (a Memory-Guided Sine—Cosine Algorithm (SCA)) [108],
m-SCA (a new hybrid SCA) [114], NIWTLBO (a TLBO nonlinear control param-
eters) [115], mTLBO (a modified TLBO) [115, 116], and FIPS-URing [98, 117].

The signs+, —, and=in Table 17 show the better, worse, and similar behavior or
result of the FLA compared to other algorithms. According to the results, the FLA’s
significant performance for the first four functions is noticeable.

Tables 18 and 19 list the results of various optimization algorithms, including
the proposed FLA. One can easily judge the competency of the provided algorithms
based on the results in these tables. As is observed, the FLA can be assumed as the
most robust and trustable algorithm. However, there is close competition between
the FLA and TOGPEAe.

The results of Table 17 show that the optimum solutions are obtained via FLA
in seven functions. While, according to the results, the novel CMA-ES and FIPS-
URing present the best results in some cases, they are not as competent as the sug-
gested algorithm. As per the findings, LJA, MFO, SOS, and MG-SCA are the weak-
est algorithms in this article’s described optimization methods.

In case Wilcoxon’s test is adopted for comparison purposes, Table 19 compares
p values of various optimization algorithms discussed here. According to Table 18,
FLA gives more acceptable results and ranks first. Its closest rival is NIWTLBO,
although the latter is not as strong as the FLA.
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Table 11 Mean optimal results (Mean) of FLA on the CEC2014

Function Npop=30 Npop=45 Npop =60 Npop=90
Fr Fr Fr Fr

F1 Unimodal 1.20E+04 1.86E+04 2.66E+04 3.26E+04
1 2 3 4

F2 7.58E—-15 1.71E-14 2.94E—-14 1.46E—13
1 2 3 4

F3 8.70E-13 1.26E—08 1.67E—06 2.07E-04
1 2 3 4

F4 Simple 1.37E+01 6.35E+00 1.06E+01 8.46E+00

Multimodal 4 1 3 2

F5 2.02E+01 2.03E+01 2.04E+01 2.04E+01
1 2 35 35

Fo6 2.80E+01 2.48E+01 2.28E+01 2.16E+01
4 3 2 1

F7 2.46E—02 1.99E-02 2.01E-02 1.14E—-02
4 2 3 1

F8 1.28E+02 1.14E+02 1.07E+02 9.10E+01
4 3 2 1

F9 1.58E+02 1.39E+02 1.24E+02 1.14E402
4 3 2 1

F10 3.61E+03 3.07E+03 2.99E+03 2.71E+03
4 3 2 1

F11 3.80E+03 3.94E+03 3.72E+03 3.45E+03
4 3 2 1

F12 6.38E—01 7.18E-01 9.03E-01 7.70E-01
1 2 4 3

F13 5.44E-01 5.05E-01 4.37E-01 3.92E-01
4 3 2 1

F14 5.52E-01 5.35E-01 5.12E-01 5.35E-01
4 2.5 1 2.5

F15 2.91E+01 1.72E+01 1.34E+01 7.83E+00
4 3 2 1

Fl16 1.23E+01 1.15E+01 1.15E+01 1.14E+01
4 2.5 2.5 1

F17 Hybrid 4.62E+03 5.25E+03 6.29E+03 7.83E4+03
1 2 3 4

F18 7.93E+03 1.19E+04 1.09E+04 9.29E+03
1 4 3 2

F19 1.81E+01 1.39E+01 1.53E+01 1.41E+01
4 1 3 2

F20 3.69E+02 3.81E+02 3.99E+02 3.87E+02
1 2 4 3

F21 4.91E+03 5.22E+03 4.82E+03 6.59E+03
2 3 1 4

F22 6.51E+02 6.07E+02 6.15E+02 6.28E+02
4 1 2 3
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Table 11 (continued)

Function Npop=30 Npop =45 Npop =60 Npop=90
Fr Fr Fr Fr

F23 Composition 3.15E+02 3.15E+02 3.15E+02 3.15E+02
2.5 2.5 2.5 2.5

F24 2.53E+02 2.50E+02 2.47E+02 2.45E+02
4 3 2 1

F25 2.08E+02 2.07E+02 2.09E+02 2.06E+02
3 2 4 1

F26 1.01E+02 1.01E+02 1.00E+02 1.00E+02
35 35 1.5 1.5

F27 1.14E+03 1.06E+03 9.15E+02 9.71E+02
4 3 1 2

F28 1.97E+03 1.68E+03 1.70E+03 1.60E+03
4 2 3 1

F29 2.56E+07 1.74E+07 1.03E+07 1.39E+07
4 3 1 2

F30 9.74E+03 4.01E+03 4.46E+03 3.85E+03
4 2 3 1

Nb/INw/Mean 8/18/3.0333 3/1/2.4333 4/3/2.4667 13/5/2.0667

Final rank 4 2 3 1

The bold numbers indicate the best solutions for each function

4.1.4 The effect of population size on FLA performance with D=50

We have conducted tests to explore the impact of different populations on our algo-
rithm, utilizing five distinct populations of 30, 45, 60, 75, and 90. Tables 20 and
21 contain the simulation results for this section. The most favorable results were
achieved with populations of 75 and 90, with the former slightly outperforming the
latter. Conversely, the least favorable outcomes were observed with a population of
30. However, it is noteworthy that, overall, the results across different populations
exhibit marginal variations, especially between populations of 75 and 90. Popula-
tions of 30, 45, and 60 also demonstrated relatively similar outcomes across the
majority of test functions.

Subsequently, we have compiled the optimal solutions obtained from the
best-performing approaches in Table 22. Notably, populations of 90, achieving
the best solutions 14 times, and populations of 30, with nine instances of supe-
rior outcomes, stand out as the leading performers in this section of the paper.
Although the specifics of these results are outlined in Table 21, it is important to
emphasize that, overall, the differences in outcomes across various populations
remain statistically insignificant, particularly concerning the best solutions for the
majority of test functions. These findings underscore the robustness and consist-
ency of our algorithm across diverse population sizes.

Furthermore, Fig. 15 illustrates a comparison of the convergence rates for the
test functions, offering insights into the impact of varying population sizes in
FLA with D=50 and NFEs=5.00E+05. In general, it can be asserted that the
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Table 12 Best statistical results (Best) of FLA on the CEC2014

Function Npop =30 Npop=45 Npop =60 Npop=90
Fr Fr Fr Fr
F1 Unimodal 2.49E+03 3.28E+03 5.59E+03 6.24E+03
1 2 3 4
F2 0.00E+00 0.00E+00 0.00E+00 2.84E—14
2 2 2 4
F3 5.68E—14 1.14E-13 7.77E-11 1.59E-08
1 2 3 4
F4 Simple 2.76E-03 3.88E—-04 4.80E-05 5.69E—06
Multimodal 4 3 2 1
F5 2.00E+01 2.00E+01 2.00E+01 2.00E+01
2.5 2.5 2.5 2.5
F6 2.03E+01 1.58E+01 1.68E+01 1.37E+01
4 2 3 1
F7 0.00E+00 0.00E+00 0.00E+00 0.00E+00
2.5 2.5 2.5 2.5
F8 7.86E+01 5.87E+01 6.87E+01 5.21E+01
4 2 3 1
Fo 1.03E+02 9.95E+01 6.77E+01 5.57E+01
4 3 2 1
F10 2.20E+03 1.54E+03 1.02E+03 1.43E+03
4 3 1 2
F11 2.71E+03 2.35E+03 2.48E+03 2.26E+03
4 2 3 1
F12 1.74E-01 1.83E-01 4.12E-01 1.25E-01
2 3 4 1
F13 3.08E-01 2.37E-01 2.21E-01 2.11E-01
4 3 2 1
F14 2.01E-01 1.86E—01 2.14E-01 1.96E—01
3 1 4 2
F15 8.99E+00 7.19E+00 8.94E+00 3.98E+00
4 2 3 1
Fl16 1.09E+01 9.78E+00 1.03E+01 1.01E+01
4 1 3 2
F17 Hybrid 1.35E+03 1.52E+03 1.73E+03 2.44E+03
1 2 3 4
F18 1.62E+02 2.89E+02 6.09E+02 3.22E+02
1 2 4 3
F19 9.18E+00 7.61E+00 7.55E+00 7.35E+00
4 3 2 1
F20 1.22E+02 1.48E+02 1.54E+02 1.91E+02
1 2 3 4
F21 1.09E+03 1.08E+03 1.25E+03 1.99E+03
2 1 3 4
F22 1.47E+02 2.27E+02 6.32E+01 1.97E+02
2 4 1 3
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Table 12 (continued)

Function Npop =30 Npop =45 Npop =60 Npop=90
Fr Fr Fr Fr

F23 Composition 3.15E+02 3.15E+02 3.15E+02 3.15E+02
2.5 2.5 2.5 2.5

F24 2.43E+02 2.37E+02 2.29E+02 2.28E+02
4 3 2 1

F25 2.03E+02 2.03E+02 2.03E+02 2.03E+02
2.5 2.5 2.5 2.5

F26 1.00E+02 1.00E+02 1.00E+02 1.00E+02
2.5 2.5 2.5 2.5

F27 4.01E+02 4.01E+02 4.01E4+02 4.01E+02
2.5 2.5 2.5 2.5

F28 1.26E+03 1.01E+03 1.07E+03 1.01E+03
4 1.5 3 1.5

F29 1.12E+03 1.12E+403 1.13E+03 1.27E+03
1.5 1.5 3 4

F30 1.26E+03 1.17E+4+03 1.47E+03 8.55E+02
3 2 4 1

Nb 5 3 2 11

The bold numbers indicate the best solutions for each function

proposed algorithm exhibits commendable and acceptable convergence charac-
teristics for the majority of test functions. However, it is essential to note that
our proposed algorithm is a novel and pioneering approach, leaving room for
further enhancements. The algorithm demonstrates promising convergence prop-
erties across various test functions, though continuous refinement efforts can be
directed toward its continuous improvement.

In this section, we will evaluate the performance of the proposed FLA opti-
mizer for dimensions of 50. We have scrutinized the efficacy of FLA in com-
parison to the obtained optimal results of the popular algorithms in the recent
studies such as ICA [118], BA [119], FPA [119], FIPSO [81], HHO [118], SAP-
Rao [118], GWO [118], and DE/rand/1 [120]. The coordinates and parameter set-
tings of these algorithms for this segment are presented in the main reference [81,
118-120]. A succinct summary of the results, including the mean values, Std.,
and the Friedman test, is encapsulated in Table 23.

Upon examining the results of this table, the optimization prowess and competitive
performance of the proposed FLA optimizer are convincingly demonstrated in com-
parison to eight well-known and widely used algorithms. The FLA optimizer excels
over all counterparts across a majority of test functions with high dimensions. Nota-
bly, this comparison shows that the FIPSO and FPA algorithms emerge as the strong-
est competitors following the FLA optimizer. They have outperformed the proposed
optimization method for 12 and 10 test functions, respectively, although each has
fallen short for 18 and 17 test functions, respectively. Additionally, other algorithms
have succumbed between 22 to 28 instances (for DE/rand/1 and BA, respectively)
to the proposed method, showcasing the consistent superiority of the proposed FLA
optimizer.
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Table 13 Standard deviation (Std.) statistical results of FLA on the CEC2014

Function Npop=30 Npop=45 Npop =60 Npop=90
Fr Fr Fr Fr
F1 Unimodal 5.56E+03 1.19E+04 1.39E+04 2.45E+04
1 2 3 4
F2 1.48E—14 1.42E—-14 1.18E—14 3.20E-13
3 2 1 4
F3 1.72E-12 4.84E-08 4.57E-06 8.97E-04
1 2 3 4
F4 Simple 3.28E+01 1.93E+01 2.41E+01 2.19E+01
Multimodal 4 1 3 2
F5 1.70E-01 1.48E-01 2.13E-01 1.37E-01
3 2 4 1
F6 4.61E+00 4.16E+00 3.68E+00 4.37E+00
4 2 1 3
F7 2.06E—-02 3.40E-02 1.78E-02 1.18E-02
3 4 2 1
F8 3.50E+01 2.95E+01 2.14E+01 2.12E+01
4 3 2 1
F9 4.02E4+01 3.33E+01 3.05E+01 3.30E+01
4 3 1 2
F10 7.55E+02 7.14E+02 9.13E+02 6.47E+02
3 2 4 1
F11 6.39E+02 9.19E+02 7.28E+02 5.92E+02
2 4 3 1
F12 3.39E-01 3.36E-01 2.99E-01 4.51E-01
3 2 1 4
F13 1.46E-01 1.36E-01 1.33E-01 1.12E-01
4 3 2 1
F14 3.03E-01 2.32E-01 2.72E-01 2.38E-01
4 1 3 2
F15 1.54E+01 7.67E+00 4.01E+00 3.12E+00
4 3 2 1
Fl16 6.80E—01 7.94E—01 6.80E—01 6.76E—01
2.5 4 2.5 1
F17 Hybrid 2.57TE+03 2.60E+03 3.78E+03 4.12E4+03
1 2 3 4
F18 7.93E+03 9.36E+03 9.94E+03 9.11E+03
1 3 4 2
F19 2.21E+01 1.10E+01 1.54E+01 1.94E+01
4 1 2 3
F20 1.26E+02 1.52E+02 1.44E+02 1.22E+02
2 4 3 1
F21 4.16E4+03 4.40E+03 2.71E+03 4.77E4+03
2 3 1 4
F22 2.15E+02 2.17E+02 2.49E+02 2.16E+02
1 3 4 2
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Table 13 (continued)

Function Npop =30 Npop =45 Npop =60 Npop=90
Fr Fr Fr Fr

F23 Composition 1.11E-13 5.78E—14 5.78E—14 5.78E—14
4 2 2 2

F24 1.04E+01 7.18E+00 6.72E+00 4.79E4+00
4 3 2 1

F25 4.26E+00 3.91E+00 8.91E+00 2.90E+00
3 2 4 1

F26 1.51E-01 1.38E-01 1.10E-01 1.14E-01
4 3 1 2

F27 2.32E+02 2.29E+02 3.54E+02 2.33E+02
2 1 4 3

F28 4.17E+02 3.46E+02 4.60E+02 4.27E4+02
2 1 4 3

F29 3.21E+07 1.81E+07 1.77E+407 1.65E+07
4 3 2 1

F30 2.36E+04 1.84E+03 2.20E+03 2.16E+03
4 1 3 2

Mean 29167 2.4000 2.5500 2.1333

The bold numbers indicate the best solutions for each function

Through an examination of the average Friedman rank for each individual test
function, once again, the proposed method has secured the top and most favorable
rank, while GWO has obtained the least favorable and final rank. It is noteworthy
that GWO, renowned as one of the most popular and widely used modern algo-
rithms in recent years, has achieved the poorest performance among the algo-
rithms considered.

4.1.5 The effect of population size on FLA performance with D=100

In this segment of the simulation, we have undertaken optimization efforts to
enhance the efficiency of FLA across three distinct populations: 30, 60, and 90,
with a focus on large-scale and real-dimensional scenarios involving 100 meas-
urements. Subsequently, we have synthesized the optimal solutions derived from
different populations, presenting them comprehensively in Table 24. Noteworthy
achievements include populations of 60, showcasing the best solutions 15 times,
and populations of 90, exhibiting superior outcomes in 12 instances, emerging
as the leading performers in this research section. While the detailed results are
outlined in the table, it is essential to emphasize that, overall, the observed differ-
ences in outcomes between the various populations of 60 and 90 remain statisti-
cally insignificant, particularly concerning the optimal solutions for the major-
ity of test functions. These findings underscore the resilience and consistency of
our algorithm across diverse population sizes within the realm of engineering and
optimization.
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Fig. 14 Convergence trends for the best result via FLA for some functions of the CEC2014 (F1, F7, F13,
F19, and F29 from left to right)

5 Application of FLA in the engineering problems

One approach to highlight the high performance of the FLA is to test its applica-
bility to engineering problems, as described below. To this end, Npop has been
set at 90, and the program is run 30 times. To ensure the results, the data of the
optimal results are extracted from the mentioned literature. This study effectively
addresses the constraints of the optimization problem by employing the static
penalty technique [121, 122]:
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Table 16 The mean rankings via Friedman test (Fr) with D =30 on CEC2014 for the studied algorithms

F SMA GWO WOA MPSO AOA LFD RAOl1 EPO BA FLA
Fr Fr Fr Fr Fr Fr Fr Fr Fr Fr
F1 3 10 8 2 5 4 6 7 9 1
F2 2 10 8 4 5 3 6 7 9 1
F3 3 6 9 2 5 8 7 4 10 1
F4 5 4 3 6 8 10 2 9 7 1
F5 8 35 2 6.5 5 9.5 3.5 9.5 6.5 1
F6 2 5 8 6 10 1 7 4 9 3
F7 6 10 8 1 3 4 5 7 9 2
F8 6 2 5 3 10 9 4 8 7 1
F9 3 1 6 8 7 10 4 9 5 2
F10 5 2 3 9 8 7 4 10 6 1
F11 4 2 3 6 9 7 5 10 8 1
F12 7 3 4 9 6 8 5 10 2 1
F13 8 4 9 2 6.5 5 6.5 1 10 3
F14 3 10 4 7 9 8 2 6 5 1
F15 6 5 10 7 2 4 3 9 8 1
Fl16 8 4 3 1 9 7 6 10 5 2
F17 4 6 9 2 7 3 5 10 8 1
F18 6 10 5 4 2 8 9 7 3 1
F19 3 8 9 1 5 10 2 6 7 4
F20 4 7 8 3 2 6 5 10 9 1
F21 5 2 10 3 4 9 6 8 7 1
F22 3 1 6 2 9 4 8 10 7 5
F23 4 8 9 4 6.5 4 1.5 6.5 10 1.5
F24 5 1 2 7 8 10 4 9 6 3
F25 2 5 10 3.5 8 9 3.5 7 6 1
F26 9 6 2.5 4 7 5 2.5 10 8 1
F27 1 2 6 3 4 9 7 10 8 5
F28 6 1 8 2 4 9 5 10 7 3
F29 9 1 7 4 5 3 2 8 10 6
F30 6 8 10 4 2 3 5 7 9 1
Mean Fr  4.8667 49167 6.4833 4.200 6.0333 6.550 4.7167 7.9667 7.3500 1.9167
Final rank 4 5 7 2 6 8 3 10 9 1

The bold numbers indicate the best solutions for each function

(X =X = | 3K - max (0.UEQ,X))” + Y K- [EQ)| | (14)
i=1 j=1

In the context of this constraint handling approach, the symbol y(X) denotes
the objective function, while K; and K; refer to two significant penalty coeffi-
cients. The un-equality and equality constraints of the problem are, respectively,

@ Springer
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Flood algorithm (FLA): an efficient inspired meta-heuristic. ..

Table 19 Wilcoxon’s test and efficiency of FLA versus the other studies

Corresponding optimizer The efficiency of FLA is FLA versus
similar with better than worse than p values

CMA-ES 0 23 7 6.7987E—04
LJA 0 27 3 3.1191E-08
MFO 1 25 4 7.6259E-08
CS 1 22 7 3.6693E-04
TOGPEAe 1 22 7 0.0376

SOS 0 23 7 1.6442E—-05
MG-SCA 1 21 8 0.0008
m-SCA 1 20 9 0.0022
NIWTLBO 0 20 10 0.0037
mTLBO 0 22 8 4.4340E-04
FIPS-URing 1 19 10 0.0031

represented by UEQ,(X) and EQ,(X). The EQ,(X) is chosen from the set {1,
2}. In situations involving integer variables or specific multiples of a number,
employing the rounding method in conjunction with penalty coefficients has
effectively addressed the issue.

5.1 Welded beam optimal design

Figure 16 reveals the formwork of a welded beam. The control variables {x,(h),
xy(D), x5(t), x4(b)} or {s,, s,, 53, 54} are characteristics of the weld thickness, the
clamped bar length, the bar height, and the bar thickness, respectively [123]. The
objective is to search the best optimal design factors to optimize beam fabrication
costs. This issue must do is address several restrictions such as end deflection (5),
bending stress (o), buckling load (Pc), and shear stress (7) [97, 98]. The formulation
of this problem can be found in Appendix A [124].

There have been some studies to optimize this issue. Additional methods are
found in Table 25. The data compare the FLA’s obtained results with studied meth-
ods described in recent studies that reveal FLA can achieve the top competitive opti-
mal results. Table 26 reveals that FLA is an ideal algorithm for this issue.

5.2 ThreE-bar truss optimization

The constraint problem is well-known for researchers who aim to optimize the
volume while maximizing strength [148]. Figure 17 reveals the structure of this
design problem. These two control variables (x; and x, (or s; and s,)), represent-
ing the cross-sectional zones, can be tuned by considering three inequality design

@ Springer
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Table 20 Summary of the results for FLA with D =50 and NFEs =5.00E+05 on CEC2014

Function Npop=30 Npop=45 Npop =60 Npop=15 Npop=90
F1 Unimodal 8.69E+04 1.14E+05 2.21E+05 1.14E+05 2.06E+05
3.90E+04 5.07E+04 1.04E+05 3.57E+04 7.68E+04

F2 1.07E+04 6.56E+03 1.07E+04 8.10E+03 7.64E+03
1.05E+04 9.14E+03 1.20E+04 1.01E+04 9.78E+03

F3 2.20E—-04 1.73E-02 3.90E-01 2.73E+00 1.00E+01
3.06E—-04 1.26E-02 8.84E-01 3.66E+00 9.08E+00

F4 Simple 2.18E+01 3.87E+01 4.15E+01 2.26E+01 4.25E+01
Multimodal 3.75E+01 5.67E+01 4.85E+01 4.09E+01 6.69E+01

F5 2.03E+01 2.04E+01 2.05E+01 2.06E+01 2.05E+01
1.89E-01 1.14E-01 1.24E-01 6.45E—-02 1.40E-01

Fo6 5.51E+01 4.60E+01 5.18E+01 4.15E+401 4.20E+01
5.65E+00 8.22E+00 9.75E+00 7.24E+00 3.69E+00

F7 1.55E-02 2.21E-02 1.09E-02 1.23E-02 3.56E—03
2.53E-02 1.85E—02 1.38E—02 1.63E—02 5.52E-03

F8 2.87E+02 2.48E+02 2.22E+02 1.98E+02 2.01E+02
5.96E+01 2.41E+01 3.22E+01 2.16E+01 2.75E+01

F9 3.55E+02 3.33E+02 3.02E+02 2.66E+02 2.48E+02
4.46E+01 4.80E+01 4.07E+01 4.27E+01 3.59E+01

F10 6.97E+03 6.09E+03 6.12E+03 5.75E+403 5.76E+03
9.74E+02 4.32E+02 1.03E+03 7.26E+02 1.17E+03

F11 7.22E+03 7.09E+03 7.81E+03 7.08E+03 6.77E+03
7.94E+02 1.19E+03 2.00E+03 1.89E+03 2.09E+03

F12 1.19E+00 1.33E+00 1.23E+00 1.17E4+00 1.22E+00
7.34E-01 5.72E-01 4.79E-01 3.70E-01 4.54E-01

F13 5.38E—01 5.57E-01 5.57E-01 4.80E-01 4.96E-01
8.19E—02 9.07E—-02 1.04E-01 8.25E—02 9.63E—02

Fl14 3.76E-01 4.90E-01 4.87E-01 4.66E—01 4.10E-01
1.60E—01 2.95E-01 3.44E-01 3.09E-01 2.49E—-01

F15 9.53E+01 6.45E+01 6.26E+01 4.86E+01 3.63E+01
3.28E+01 2.15E+01 3.66E+01 1.99E+01 1.86E+01

F16 2.13E+01 2.05E+01 2.08E+01 2.04E+01 2.05E+01
1.31E+00 5.28E-01 8.03E-01 7.87E—01 6.20E—01

F17 Hybrid 1.58E+04 2.07E+04 2.29E+04 1.92E+04 2.43E+04
5.49E+03 1.07E+04 8.48E+03 5.33E+03 8.67E+03

F18 3.91E+03 3.00E+03 3.57E+03 3.47E+03 3.72E+03
1.87E+03 2.49E+03 2.43E+03 2.37E+03 2.64E+03

F19 2.38E+01 2.02E+01 2.22E+01 1.95E+01 1.84E+01
3.57E+00 5.19E+00 2.76E+00 3.50E+00 4.03E4+00

F20 6.16E+02 6.08E+02 6.74E+02 5.84E+02 7.79E+02
2.29E+02 2.18E+02 1.95E+02 2.68E+02 2.53E+02

F21 1.61E+04 1.10E+04 2.14E+04 1.67E+04 2.43E+04
9.87E+03 7.80E+03 1.28E+04 9.02E+03 1.32E+04

F22 1.45E+03 1.56E+03 1.39E+03 1.17E+03 1.35E+03

3.94E+02 2.42E+02 5.67E+02 3.39E+02 5.33E+02
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Table 20 (continued)

Function Npop=30 Npop =45 Npop =60 Npop=175 Npop=90

F23 Composition 3.44E+402 3.44E+02 3.44E+02 3.44E+02 3.44E+402
0.00E+00 0.00E+00 1.52E-13 1.52E-13 1.52E-13

F24 3.09E+02 3.14E+02 3.00E+02 2.99E+02 2.94E+402
1.39E+01 8.97E+00 9.07E+00 1.13E401 5.89E+00
F25 2.18E+02 2.16E+02 2.11E402 2.12E+02 2.10E+402
1.41E+01 1.52E+01 2.96E+00 5.52E+00 3.86E+00
F26 1.01E+402 1.01E+02 1.01E+02 1.01E+02 1.01E+02
1.07E-01 1.12E-01 1.02E-01 1.39E-01 1.13E-01
F27 2.00E+03 1.83E403 1.70E+03 1.69E+03 1.76E+03
1.61E+02 1.86E+02 1.57E+02 1.44E+02 1.08E+02
F28 3.52E+03 3.45E+03 3.69E+03 3.22E+03 2.78E+03
7.55E+02 7.95E+02 7.95E+02 8.65E+02 6.94E402
F29 2.53E+08 1.98E+08 1.23E408 1.62E+408 9.43E+07
1.78E4+08 1.15E4+08 8.82E+07 1.22E+08 4.94E+07
F30 1.81E+04 1.50E+04 1.41E+04 1.43E+04 1.27E4+04

4.96E+03 3.67E+03 1.99E+03 4.51E+03 2.92E+03

constraints [149, 150]. These control variables have been bounded as 0<s, and
5, < 1; the formulation of this problem can be found in appendix A [149, 150]:

Table 27 shows the optimal results for this issue, created by FLA and compared
with studied algorithms in recent papers. Based on information acquired from this
optimization problem, FLA achieved higher optimization performance than the
competing algorithms. Table 28 shows the best result for this issue via FLA.

5.3 Cantilever beam optimization

This issue has been defined to minimize the weight of a cantilever beam with applies
5 optimal hollow square blocks [159]. The fifth block has been located under straight
stress, which is a solution to this problem being tightly powered through the previ-
ous block, as has been revealed in Fig. 18. Dimensions of the profile of the cubes are
described via {s, 55, 53, 54, and s5} (which are the control parameters of the cubes)
[137].

The results of the optimizers explored for this optimization issue have been
shown in Table 29, in which FLA has been won by more other optimizers by using
optimum designs. It is also clear from this table that FLA is the most robust opti-
mizer for this engineering problem. The FLA solutions achieve a lower standard
deviation than the studied optimizers. Table 30 reveals the best solutions for solving
this optimization issue by FLA.
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Table 21 Friedman test (Fr) for FLA with D=50 and NFEs=5.00E+05 on CEC2014

Function Npop=30  Npop=45  Npop=60  Npop=75 Npop=90

Fl Unimodal
F2

F3

F4 Simple Multimodal
F5

F6

F7

F8

F9

F10

Fl1

F12

F13

F14

F15

F16

F17 Hybrid
F18

F19

F20

F21

F22

F23 Composition
F24

F25

F26

F27

F28

F29

F30

Mean Fr 3.5500
Final rank 5

5

O
W W

W
wn

W W
w W
W W
W W

o)
W

W
W W
W
W

W

W

R m W RN WR RN =000 W~ —~RN =R~ W~—~uNA~ N

0
w
T R T T N e N Y Y . T L LT I R T e e A R VR VR P SRS

2.5 25
4000 2.2167 2.5333
1 2

.3000

The bold numbers indicate the best solutions for each function

5.4 Gear train optimization

Figure 19 reveals this optimization problem. The problem aims at reducing the
gear ratio’s cost. Only the control variables are limited on the gear train acceptable
design, where n, (s)), ng (s,), np (s3), and ng (s,) are discrete control parameters, and
the number of teeth for a gear must be an integer as follows [157]:

In Table 31, FLA’s solutions have been compared to some studied optimizers
worked in recent papers, including mGWO, CSA, UPSO, MBA, BES, GOA, CS, and
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Table 22 Best statistical results of FLA with D =150 and NFEs =5.00E+05 on CEC2014

Function Npop=30 Npop=45 Npop =60 Npop=15 Npop=90
Fl Unimodal 3.69E+04 3.98E+04 1.15E+05 6.53E+04 7.53E+04
F2 3.49E+02 2.97E+02 1.78E+01 7.28E+00 6.72E—02
F3 3.85E—07 2.34E-03 1.76E—02 3.68E—02 6.94E—01

F4 Simple 2.71E-01 3.28E-02 4.54E-01 3.68E—02 2.90E—02
F5 Multimodal 2.01E+01 2.03E+01 2.02E+01 2.05E+01 2.03E+01
F6 4.60E+01 3.49E+01 3.97E+01 3.13E+01 3.83E+01

F7 0.00E+00 1.14E-13 1.14E-13 0.00E+00 0.00E+00
F8 2.28E+02 2.13E+02 1.64E+02 1.69E+02 1.56E+02
Fo 3.09E+02 2.55E+02 2.50E+02 1.90E+02 1.85E+02
F10 6.17E+03 5.51E+03 4.35E+03 4.52E+03 4.23E+03
Fl1 6.08E+03 5.01E+03 5.19E+03 4.41E+03 3.94E+03
F12 5.60E—01 5.75E-01 5.17E-01 7.09E—01 7.50E—01

F13 3.83E-01 4.62E-01 4.07E-01 3.25E—01 3.52E-01

Fl4 2.85E-01 2.20E-01 2.13E-01 2.53E-01 2.53E-01

F15 4.31E+01 2.57E+01 2.62E+01 2.95E+01 1.98E+01
Fl16 1.94E+01 1.96E+01 1.98E+01 1.94E+01 1.96E+01

F17 Hybrid 8.47E+03 6.99E+03 8.70E+03 1.25E+04 1.36E+04
FI18 1.86E+03 4.81E+02 4.20E+02 5.93E+02 7.36E+02
F19 1.92E+01 1.46E+01 1.89E+01 1.38E+01 1.30E+01
F20 3.07E+02 3.16E+02 3.81E+02 2.42E+02 5.27E+02
F21 2.12E+03 3.81E+03 9.35E+03 5.94E+03 9.16E+03
F22 9.19E+02 1.22E+03 6.19E+02 5.27E+02 3.41E+02
F23 Composition 3.44E+02 3.44E+02 3.44E+02 3.44E+02 3.44E+02
F24 2.94E+02 3.05B+02 2.86E+02 2.88E+02 2.88E+02
F25 2.05E+02 2.05E+02 2.07E+02 2.05E+02 2.06E+02
F26 1.00E+02 1.00E+02 1.01E+02 1.00E+02 1.00E+02
F27 1.82E+03 1.55E+03 1.44E+03 1.50E+03 1.59E+03
F28 2.11E+03 2.57E+03 2.68E+03 2.13E+03 1.80E+03
F29 1.90E+03 1.11E+08 1.61E+03 5.87E+07 1.98E+03
F30 1.32E+04 1.15E+04 1.16E+04 1.09E+04 1.04E+04
Nb 9 4 7 8 14

The bold numbers indicate the best solutions for each function

EBS. According to these results, FLA gives an optimum value of 2.700857E—12.
Also, FLA shows the most robust and stable optimizer for tackling the objective
function and, in addition, is an effective optimizer for optimizing so. Also, Table 32
gives the best optimal solutions to the issue.

5.5 Tension/compression spring optimization

Figure 20 reveals how this problem is solved. Control parameters, {s;(d), s,(D),
s5(N)}, respectively, denote the wire diameter, the value of active coils, and the

@ Springer



M. Ghasemi et al.

\
20 1 20 |
o~ ~
2 1s ®
= = 15
b7 @
é’ 10 ——— 2 N
== o \
o K = 3 10 | —
E 5 ~ g i—
< = A
> L - =
= o ~ N S— —
s s
-5 \ 0
-10 5 - . : : ]
0 1 2 3 4 5 0 1 2 3 4 5
Evolutions «10° Evolutions «10°
a b

[
(=1
[
(=1

Mean value of best (log)
5 5
Mean value of best (log)
= I
— F" —

e
\ _—
5 e =~ E| 50
I —— — e ———— ~
0 0 h
5 . . . : 5
0 1 2 3 4 5 0 1 2 3 4 5
Evolutions % 10° Evolutions «10°
c d
) |
®
S 15 1 F1 F2
3 ‘ F3 F4
2 10 ‘l F5 F6
3 e F7 F8
g | = F9 F10
IR F11 F12
: _— — FI3 Fl4
S B FI5 F16
= 0 5| F17 FI8
F19 F20
F21 F22
-5 F23 F24
F25 F26
0 1 2 3 4 5 F27 F28
Evolutions «10° F29 F30

€

Fig. 15 Convergence trends for FLA with different Npop such as a 30, b 45, ¢ 60, d 75, and e 90 with
D =50 and NFEs =5.00E+05 (from left to right)
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M. Ghasemi et al.

Fig. 16 Schematic of the welded
beam problem

mean coil diameter [141, 166]. The mathematical expression of the issue is given in
appendix A [142]:

The optimal solutions in Table 33 reveal FLA outcomes to optimize this issue
alongside those in recent studies. FLA succeeded in creating a solution that was
better than the more extensively researched methods. FLA won the more optimiz-
ers, with effective and acceptable solutions in the mean, worst, best cost, and Std.
The best solutions obtained by FLA have been given in Table 34.

5.6 Pressure vessel optimization

The vessels have been shown in Fig. 21; the vessel’s fabrication cost had to be cut
so that shaping, material, and welding costs could be eschewed. Control parame-
ters {s,(T}), so(T}), s3(R), s4,(L)} denote the shell thickness, the spherical head thick-
ness, the inner radius, and the length of the headless cylindrical section, respectively
[183]. The mathematical expression of this problem is provided in appendix A
[174].

There have been some studies to optimize this issue. Additional methods are
found in Table 35. FLA obtained the best optimal solutions, which is clear. The
obtained results seem to reveal that FLA did excellent in each statistical criterion.
Table 36 reveals the best-obtained results for FLA, which will generate the optimum
design for this problem.

5.7 Speed reducer optimization

As this optimization design is guided by seven control variables [176], as shown in
Fig. 22, it is assumed to be a difficult one to address and solve. The formulation of
this problem is presented in appendix A [176].

The comparison of the best achieved optimal results with variously stud-
ied optimizers can be found in Table 37. The optimum result of FLA is S*=(3.5,
0.7, 17, 7.3, 7.71531992, 3.35021467, 5.28665447), and its fitness value is f
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Table 25 Optimal results of studied optimizers for optimal design of the welded beam problem

Methods Best Mean Worst Std

CPO [125] 1.72487 1.724866 N.A 1.44E-16
IAS [126] 1.7249 N.A N.A 3.16E-19
SCHO [127] 1.72516 N.A N.A N.A

LSO [128] 1.7248658 N.A N.A N.A

KOA [129] 1.7248658492 1.724866 N.A 1.82E-15
SWO [130] 1.72486585 1.72486585 1.72486585 2.26E—-16
GSO [131] 1.724856 1.726427 1.744697 4.29E-03
DSA [132] 1.725555 N.A N.A N.A

VCO [133] 1.724852 1.725133 1.725773 1.92E-03
SAO [134] N.A 1.72E+00 N.A 9.54E-02
OA [135] 1.8014 1.80250 N.A 3.2E-06
MMLA [136] 1.7248544 1.7249990 1.7282878 6.25E—4
AD-IFA [137] 1.81 2.40 N.A 0.50
LS-LF-FA [137] 1.85 2.81 N.A 0.63
LF-FA [137] 1.93 3.13 N.A 0.80

FA [137] 1.88 341 N.A 0.92

WCA [32] 1.724856 1.726427 1.744697 4.29E-03
SFO [52] 1.73231 N.A N.A N.A

EPSO [138] 1.7248530 1.7282190 1.7472200 5.62E-03
FSA [139] 2.3811 2.4041 2.4889 N.A
CPSO [140] 1.728024 1.748831 1.782143 1.2926E-02
TEO [141] 1.725284 1.768040 1.931161 5.8166E—02
CDE [142] 1.73346 1.768158 1.824105 2.2194E-02
UPSO [143] 1.92199 2.83721 N.A 6.83E—-01
PFA [144] 1.7248530 N.A N.A N.A
HGSO [49] 1.7260 1.7265 1.7325 7.66E—-03
EO [145] 1.724853 1.726482 1.736725 3.257E-03
GWO [33] 1.72624 N.A N.A N.A

IPSO [146] 2.3810 2.3819 N.A 5.23E-03
HMS [147] 1.7255 N.A N.A N.A

POA [66] 1.7250306573 1.7327229652 N.A 5.146E—-03
CPO [125] 1.724968 1.726504 1.728593 0.004328
FLA 1.7248523 1.7248527 1.7248536 3.08E—-06

The bold numbers indicate the best solutions for each function

(8%)=2994.47107 as shown in Table 38. As is observed, FLA outperformed other
comparative algorithms or provided the best results.
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Table 26 Optimum variables for

the welded beam problem

Variables Value

S 0.20573

Sy 3.47049

53 9.03662

Sy 0.20573
819 — 2.26533E-07
82 - 3.19327E-07
£3(S) 0.0

84(8) —3.432984
85(S) —0.080730
86(S) —0.235540
8:(8) — 1.105493E—-06
Best 1.7248523

Fig. 17 Schematic of the three-

bar truss problem

—]—>—]—>

l
X] X2 S|
\ 4
P\
Table 27 Optimal results of studied optimizers for optimal design of the three-bar truss problem
Methods Best Mean Worst Std
SCHO [127] 263.8958476 N.A N.A N.A
PSA [151] 263.8958824 63.8984017 N.A 2.215E-03
AMO [152] 2.6390E+02 2.6390E+02 N.A 2.605E-04
DSA [132] 263.8958434 263.8959 263.8959 1.13E-05
ESOA [153] 263.896 263.909 263.948 0.0146
iLSHADE:E [154, 155] 2.64E+02 2.64E+02 2.65E4+02 4.47E-01
RL-BA [156] 263.89584 263.9003 263.924700 6.06E —03
AD-IFA [137] 282.84 282.84 N.A 0.00
LS-LF-FA [137] 282.84 282.84 N.A 0.00
LF-FA [137] 282.84 283.20 N.A 1.10
FA [137] 282.84 287.84 N.A 4.94
SFO [52] 263.89592128 N.A N.A N.A
mGWO [157] 263.8961 N.A N.A N.A
PSO-HBF [158] 263.89584 263.89617 263.89893 6.9120e — 04
FLA 263.89584 263.89586 263.89665 7.10E-05

The bold numbers indicate the best solutions for each function
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Table 28 Optimum variables for
the three-bar truss problem

Fig. 18 Schematic of the canti-
lever beam problem

Table 29 Optimal results of
studied optimizers for optimal
design of the cantilever beam
problem

Variables Value
5, 0.7887089
Sy 0.4081528
19 — 3.14339E-09
8,(8) — 1.46421
85(8) —0.53579
Best 263.89584

x1 x2 x3 x4 x5
Methods Best Mean Worst Std
BLPSO [159] 1.339957 1.339959 1.339965 2.11E-06
MBWO [160] 1.3399565 N.A N.A N.A
CCEO [161] 1.33996 N.A N.A N.A
IAS [126] 1.34000 N.A N.A 5.27E-14
MPDO [162] 1.3400522 N.A N.A N.A
PSA [151] 1.339957 1.339959 1.339963 1.945E—-06
EEFO [163] 1.34 1.54 N.A 0.44
AD-IFA [137] 1.34 1.95 N.A 091
LS-LF-FA [137] 1.45 491 N.A 1.63
LF-FA [137] 3.59 8.72 N.A 1.93
FA [137] 1.339956541 N.A N.A N.A
GCHHO [164]  1.33996 N.A N.A N.A
GOA [41] 1.33998 N.A N.A N.A
MFO [34] 1.347944 1.436524 1.664954 0.076076
WOA [159] 1.339957 N.A N.A N.A
SMA [55] 1.33999 N.A N.A N.A
m-SCA [114] 1.33996 1.33997 N.A 1.1IE-5
FLA 1.339956 1.339958 1.339963 6.48E—07

The bold numbers indicate the best solutions for each function
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Table 30 Optimum variables for
the cantilever beam problem

Variables Value

5 6.0166040039
Sy 5.3087497655
53 4.4941815962
Sy 3.5012893106
S 2.1528352736
8(S) — 1.199011E—-08
Best 1.339956

Fig. 19 Schematic of the gear train problem

Table 31 Optimal results of studied optimizers for optimal design of the gear train problem

Methods Best Mean Worst Std
mGWO [157] 2.7009E—-12 N.A N.A N.A
BES [165] 2.308E-11 2.096E—-08 1.110E-07 2.596E-08
GOA [165] 1.166E—10 1.590E-03 4.563E-02 8.327E-03
EBS [165] 2.701E—12 1.705E-09 8.701E—09 2.079E-09
UPSO [143] 2.700857E—12 3.80562E—-8 N.A 1.09E-7
FLA 2.700857E—12 8.7526E—10 1.4069E—9 2.76E—9
The bold numbers indicate the best solutions for each function

Sy 43

Sy 19

3 16

Sy 49

Best 2.700857E—-12
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AW

5.8 The vertical deflection optimal design of an I-beam

Fig.20 Schematic of the 1
tension/compression spring

problem

D
[ P>

The problem’s parameters include the height, length, and two thicknesses [198]. The
problem model can be observed in Fig. 23. Also, the problem is mathematically pre-
sented in Appendix [198]:

Table 39 reports comparing the FLA and CS, SNS, AOS, SOS, and CPA when
applied to solving the speed reducer design problem. As one can easily observe,
the FLA provides more relevant results than its counterparts. In addition, the
solutions obtained by FLA for the I-beam vertical deflection optimal design are
listed in Table 40.

5.9 Tubular column optimization

An example of a design for this optimal design to take away a pressing load P =2500
kgf at optimum solution [137] is shown in Fig. 24. The L (length) of it is 250 cm
[137]. The column is made of a p (density) of 0.0025 kgf cm™3, a modulus of E
(elasticity) of 0.85x 106 kgf cm~2, and a material with oy (yield stress) of 500 kgf
cm™ [130]. The stress in the column should be less than the buckling and yield
stresses (constraints g, and g,, respectively). The average diameter of the column is
between 2 and 14 cm (constraints g5 and g,, respectively), and columns thicker than
0.2-0.8 cm are unavailable in the market (constraints g5 and g4). The objective func-
tion consists of construction and body costs and is modeled as 9.82dt+ 2d, where
d is the average diameter of the column in cm and ¢ represents the thickness of the
tube. The objective function of this problem is formulated as presented in Appendix
A [137].

The results of FLA for this issue have been depicted in Table 41. The obtained
results from applying FLA are compared with those of its counterparts. As is seen,
the FLA is superior to popular techniques. In addition, the best solutions via FLA
for the tubular column optimal design have been depicted in Table 42.

5.10 Piston lever optimization

Piston components, that is, s,(H), s5(B), s3(X), and s,(D), are located by solving the
piston level optimal design problem. To this end, the oil volume needs to be mini-
mized when the piston lever is lifted to 45° (refer to Fig. 25) [202]. The expression
in Appendix A models the optimization problem. Several inequality limits, such as
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Table 33 Optimal results of studied optimizers for optimal design of the tension/compression spring

problem

Methods Best Mean Worst Std

SCHO [127] 0.0126656 N.A N.A N.A

PSA [151] 0.0127226 0.0132851 N.A 0.0006535
KOA [129] 0.0126652328 0.0126652328 N.A 6.00E—08
DSA [132] 0.012668 N.A N.A N.A

EEFO [163] 0.012666021 0.012667867 0.012682986 3.562E-06
VCO [133] 0.012665397 0.012722 0.012889 6.78E—05
GGO [167] 0.01267 0.01267 0.01267 0.0

ESOA [153] 0.0127434 0.0127839 0.0128516 3.09E-05
WO [168] 0.012665 0.013363 0.014771 7.07E-04
DE-QL [169] 1.266523E — 02 1.266581E — 02 1.267668E — 02 2.27594E — 06
VMCH [170] 1.27E-02 1.27E-02 1.27E-02 1.58E-08
EnMODE [171] 1.2665E — 02 1.2710E-02 1.2719E-02 2.0138E-05
QS [166] 0.012665 0.012666 0.012669 N.A
GCHHO [164] 0.012665264 N.A N.A N.A
SMA-AGDE [172] 0.0126652 0.0128764 0.0138429 0.0002361
COOT [173] 0.012665293034089 N.A N.A N.A

SDO [150] 0.0126663 0.0126724 0.0126828 6.1899E—-06
CPSO [140] 0.0126747 0.012730 0.012924 5.19E-05
mGWO [157] 0.012668 N.A N.A N.A

PFA [144] 0.01266528 N.A N.A N.A
G-QPSO [174] 0.012665 0.013524 0.017759 1.268E-03
WCA [32] 0.012665 0.012746 0.012952 8.06E—05
DDAO [175] 0.0129065 0.0151829 0.0173199 1.26E-03
CDE [142] 0.012670 0.012703 0.012790 2.07E-05
(1+2)-ES [176] 0.012689 0.013165 N.A 3.9E-04
HPSO [124] 0.0126652 0.0127072 0.0127190 1.58E—05
EO [145] 0.012666 0.013017 0.013997 3.91E-04
INFO [177] 0.012666 N.A N.A N.A
NRBO [178] 0.0127 0.0127 N.A 2.108E-06
IMSCSO [179] 0.012665 N.A N.A N.A

LSO [128] 0.012665233 N.A N.A N.A

EBS [165] 0.01266523 0.0128560 N.A 0.00035
HGA [180] 0.012668 0.013481 0.016155 N.A

TDO [181] 0.012671024 0.012681410 0.012701561 0.00002042
UPSO [143] 0.01312 0.02294 N.A 7.2E-03
CSA [182] 0.012667428 0.012669345 0.012672344 1.23211E-03
SCA [182] 0.012709667 0.012839637 0.012998448 0.000078
MVO [182] 0.012816930 0.014464372 0.017839737 0.001622
MFO [182] 0.012753902 0.014023657 0.017236590 0.001390
FLA 0.0126652 0.012666 0.012667 6.29E—-07

The bold numbers indicate the best solutions for each function
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Table 34 Optimum variables for
the tension/compression spring

problem

Variables Value

K 0.051734882
Sy 0.357820340
53 11.224654530
1S — 1.14952E-06
£,(S) — 1.64586E—-06
85(8) —4.05594
84(S) —0.72696

Best 0.0126652

<
<

Fig.21 Schematic of the pressure vessel problem

Table 35 Optimal results of studied optimizers for optimal design of the pressure vessel problem

Methods Best Mean ‘Worst Std

YDSE [184] 6.0597E+03 6.0597E+03 6.0597E+03 9.25E-13
VCO [133] 6.61E+03 6.77E+03 6.79E+03 6.48E+01
BP-eMAg-ES [185] 6.0597E+03 6.0671E+03 6.0905E+03 1.3431E+01
COLSHADE [186] 6059.7143 6062.179252 6090.5262 8.359059
DE-QL [169] 8.077438E+03 1.085138E+04 1.355810E+04 1.459232E+03
VMCH [170] 6.07E+03 6.06E+03 6.37E+03 6.23E+01
UPSO [143] 6154.70 8016.37 9387.77 745.869
G-QPSO [174] 6059.7208 6440.3786 7544.4925 448.4711
CPSO [140] 6061.0777 6147.1332 6363.8041 86.4545
mGWO [157] 6059.7140 N.A N.A N.A

RFO [60] 6113.3195 N.A N.A N.A

EO [145] 6059.7143 6668.114 7544.4925 566.24
CDE [142] 6059.7340 6085.2303 6371.0455 43.013
DHOA [187] 6103.842 N.A N.A N.A

FLA 6059.714335 6060.210562 6090.5261 3.86

The bold numbers indicate the best solutions for each function

geometrical conditions, minimum piston stroke, maximum bending moment of the
lever, and imposed-force equilibrium, are also considered [198].
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Table 36 Optimum variables for
the pressure vessel problem

X5

Variables Value

51 0.8125

Sy 0.4375

3 42.098445590
Sy 176.63659592
819 - 1.13E-10
8,(S) —0.03588
85(8) — 2.78875E-05
84(8) — 63.36340

Best 6059.714335

X, tooth model
x3 number of teeth

X1

Fig.22 Schematic of the speed reducer problem

Table 43 compares the results obtained via FLA and some other methods when
applied to solving the piston lever design problem. It is seen that the FLA provides
more suitable results than its counterparts. In addition, the best solutions via FLA
for the piston lever optimal design have been shown in Table 44.

5.11 Corrugated bulkhead optimization

Some of the corrugated bulkhead design applications are in chemical tankers, bulk
carriers, and product oil carriers. This problem attempts to minimize the weight of
corrugated bulkheads for a tanker (refer to Fig. 26) [137]. The variables include
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Table 37 Optimal results of studied optimizers for optimal design of the speed reducer problem

Methods Best Mean Worst Std

WOA [188] 2996.604340 3003.042915 3233.598124 4.0888E+01
SSA [188] 2996.021720 3005.574377 3015.662612 4.63871
MBA [188] 2994.471371 2944.744438 2994.484789 2.4195E-03
GWO [188] 2995.704435 3001.556162 3009.944297 4.1218
ER-WCA [188] 2994.471066 2996.744541 3007.436552 4.3876
ALO [188] 2996.521745 3005.644280 3014.379001 4.7422
LFD [189] 3007.7820 N.A N.A N.A

ACVO [190] 2994.4718 N.A N.A N.A
EChOA [189] 2994.4711 N.A N.A N.A
I-GWO [189] 2996.3482 N.A N.A N.A
HFPSO [189] 3003.7076 N.A N.A N.A

HEAA [1438] 2994.499107 2994.613368 2994.752311 7.0E-02
SHO [191] 2998.5507 2999.64 3003.889 1.93E+00
SETO [192] 2994.4991 N.A N.A N.A

LFD [192] 2994.5173 N.A N.A N.A

SELO [192] 2999.2274 N.A N.A N.A

AHA [193] 2994.471158 2994.471652 2994.473229 4.2512E-04
AO [62] 3007.7328 N.A N.A N.A
MBWO [160] 2995.438303 N.A N.A N.A

CCEO [161] 2995.4374 N.A N.A N.A

MPDO [162] 2995.2477 N.A N.A N.A

SCHO [127] 2996.3482 N.A N.A N.A

GAO [194] 2.9944E+03 2.9944E+03 2.9944E+03 7.778E-10
YDSE [184] N.A 2994.7831 N.A 1.0037
LEA [195] 2994471 2995.1210 2998.0923 2.9012E-02
CSA [182] 3030.5633 3065.9172 3104.7791 18.0742
SCA [182] 3002.9281 3028.8411 3060.9582 13.0186
MVO [182] 3009.5717 3021.2565 3054.5248 11.0235
MFO [182] 2996.5157 N.A N.A N.A

RSA [196] 3029.873076 N.A N.A N.A
hHHO-SCA [197] 2997.9157 N.A N.A N.A

AOA [103] 2996.3482 2999.88 3001.491 1.782335
FLA 2994.47107 2994.471589 2994.473074 2.09E-04

width (s;), depth (s,), length (s3), and thickness of the plate (x,). The formulation in
Appendix A models the problem in a mathematical [(s,, 5,55, 54) = (b, h, 1, 0] [137].

Heuristic approaches were applied to this issue, including AEFA-C, FPSA, AD-
IFA, LS-LF-FA, LF-FA, and FA. FLA is also applied to look for the optimum solu-
tion to this issue with 200 iterations. Table 45 lists a summary of the results pre-
sented by mentioned methods. In comparison, FLA finds the most suitable solution
with the same computational burden. So, this is inferred that the FLA provides more
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Table 38 Optimum variables for

the speed reducer problem Variables Value
s51(B) 35
55 (m) 0.70
5x3 (2) 17.0
sxy (1)) 7.30
55 () 7.71531992
56 (dy) 3.35021467
s57(dy) 5.28665447
81(8) —-0.0739153
8,(8) —0.19799853
83(8) —0.49917225
84(8) —0.9046439
85(S) — 3.4954948E—-09
86(S) — 2.84692292E—09
87(8) —0.70250
85(S) 0.0
8o(S) —0.58333333
810(5) —0.051325753
)] — 3.8883663E—10
Best 2994.47107
<—b>
tw—>
h <« Q

Fig. 23 Schematic of the I-beam vertical deflection problem

Table 39 Optimal results of studied optimizers for optimal design of the I-beam problem

Methods Best Mean Worst Std

YDSE [184] 1.3074E—02 1.3074E-02 1.3074E—-02 8.8219E—18
SRS [199] 0.0130741 0.0130893 0.01322180 3.371E- 05
CPA [63] 0.0132240 N.A N.A N.A

SOS [113] 0.0130741 0.0130884 N.A 4.0E-05
FLA 0.013074 0.01307445 0.01307579 6.91E—06

The bold numbers indicate the best solutions for each function

desirable results. The performance of other algorithms is also convincing to some
degree. The best optimal results of FLA have been shown in Table 46.
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Table 40 Optimum variables for
the I-beam problem

Fig. 24 Schematic of the tubular
column problem

Variables Value

5 80.0

Sy 50.0

53 0.90

Sy 2.321792260
819 — 6.80E-08
8() - 1.5702285
Best 0.013074

Table 41 Optimal results of studied optimizers for optimal design of the tubular column problem

Methods Best Mean Worst Std
AD-IFA [137] 26.50 26.54 N.A 0.07
LS-LF-FA [137] 26.50 26.58 N.A 0.19
LF-FA [137] 26.50 27.46 N.A 1.36

FA [137] 26.52 28.74 N.A 2.08

DO [200] 26.499497 26.499499 N.A 1.41E-06
KOA [129] 26.499497 26.499497 N.A 1.81E-14
DBB-BC [201] 26.49954 26.50117 N.A 2.0E-03
FLA 26.4994969 26.4995014 26.5100331 1.41E-04

The bold number indicates the best solutions for each function
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Table 42 Optimum variables for

the tubular column problem Optimal variables Value
S 5.45115622
Sy 0.29196548
£1(8) — 7.168066E—09
8,(8) — 2.00896E—09
85(8) —0.6331054
84(5) - 0.6106317
85(S) —0.3149875
86(S) —0.63504315
Best 26.4994969

5.12 Car side impact optimization

Gu et al. [205] discussed this problem for the first time. This design problem
attempts to discover the best weight of the car with the help of eleven mixed control
parameters. The eighth and the nine control parameters are discrete, while the rest
are continuous control parameters. The problem formulation and its constraints are
described in Appendix A [188].

Fig. 25 Schematic of the piston lever problem
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Table 43 Optimal results of studied optimizers for optimal design of the piston lever problem

Methods Best Mean Worst Std

PSO [202] 122 166 294 51.7

DE [202] 159 187 199 14.2

GA [202] 161 185 216 18.2

HPSO [202] 162 187 197 134
HPSO-Q [202] 129 151 168 13.4

SNS [198] 8.41269835 24.318974 167.472775 47.71792646
FLA 8.41269832410 23.82125 167.232196 47.2

The bold number indicates the best solutions for each function

Table 44 Optimum variables for

. Optimal variables Value

the piston lever problem
5 0.05
Sy 2.04151359
53 120
Sy 4.08302718
&1(9) — 1.7449124E+03
82(8) - 600,000
85(9) — 1.17185459E+02
84(5) —4.50E-04
Best 8.41269832410

The statistical solutions of FLA can be found in Table 47. As per Table 47, FLA
gives the best solution compared to its counterpart. In terms of robustness, FLA
obtained the best value of the standard deviation. The best optimal results of FLA
have been shown in Table 48.

6 Conclusion and future works

Due to the variety of complex and nonlinear problems in the real world, including
single or multi-objective, constrained or non-constraint with continuous or discrete
variables, existing methods need to be improved, and new techniques developed
so that researchers can achieve optimal solutions to any problem. In this study, we
suggested an effective meta-heuristic algorithm called FLA, inspired by a destruc-
tive and invasive natural phenomenon, namely floods in watersheds. The flood is
moving very fast and has turbulence in the water mass, so we were inspired to use
this algorithm. FLA prevents the algorithm’s population from getting stuck in the
local optimal solution by creating extraordinary turbulence in the particles. This
algorithm can search globally and locally well, so it can be seen as valuable and
important. The power and performance of FLA on the modern and standard func-
tions CEC2005, 2014 with dimension 30, which covers the optimization functions
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Fig.26 Schematic of the cor- I, <
rugated bulkhead problem b l‘/l
<-h—>
—>t

Table 45 Optimal results of studied optimizers for optimal design of the corrugated bulkhead problem

Methods Best Mean Worst Std
AEFA-C [203] 6.845841 6.846779 6.846779 0.0
FPSA [204] 7.008391 N.A N.A N.A
AD-IFA [137] 6.84 7.21 N.A 0.58
LS-LF-FA [137] 6.86 7.44 N.A 0.67
LF-FA [137] 6.95 8.83 N.A 1.26

FA [137] 7.21 10.23 N.A 1.95
FLA 6.842958010 6.8429676 6.8432916 1.25E-05

The bold number indicates the best solutions for each function

Table 46 Optimum variables

for the corrugated bulkhead Optimal variables Value

problem 5 57.69230769
5, 34.14762035
55 57.69230769
s, 1.05
2105 — 2.406946E+02
2,(5) — 2.326884E—-06
25(5) —3.60E-11
24(8) —3.60E-11
85(5) 0.0
2605) — 23.54468
Best 6.842958010
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Table 47 Optimal results of studied optimizers for optimal design of the car side impact problem

Methods Best Mean Worst Std
MPDO [162] 23.19869131 N.A N.A N.A
MGO [206] 22.84324 23.14917 23.3004 5.59E-02
RAO-3 [206] 23.23209 24.37533 28.4253 2.09E-01
PSA [207] 26.48636 26.48636 N.A 3.16E—-15
WOA [188] 23.0421622 24.81448617 27.36081368 9.6570E-01
SSA [188] 22.846514 23.253716 23.829531 3.0557E-01
MBA [188] 22.843596 22.936421 23.488942 1.5258E-01
WCA [188] 22.84303648 22.97516442 23.37093376 1.9772E-01
ER-WCA [188] 22.84326461 23.06992534 24.4553128 3.5021E-01
ALO [188] 22.842981 23.108403 23.824366 2.9093E-01
MFO [188] 22.8429708736 22.972835 23.687547 2.0794E-01
T-CSS [208] 22.847848 22.903653 23.800904 0.078565
CSS [208] 23.007336 23.523265 24.863563 0.562345
FACSS [209] 22.84907401 2291212354 23.05362562 4.726E-02
FLA 22.8429706205 22.8891475 23.17638342 7.38E-03
The bold number indicates the best solutions for each function
Table 48. OPtimum variables for Optimal variables Value
the car side impact problem
K 0.5
Sy 1.11623305
53 0.50000008
Sy 1.30241786
S5 0.5
Se 1.5
S 0.5
Sg 0.3450
Sg 0.3450
S10 — 19.58523995
S 0.00058232
g9 — 0.6548805
8,(S) —0.07425069
85(8) — 0.0649099
84(8) — 0.0468826
85(S) —3.7172318
86(S) - 6.125633
8+(8) — 3.996794E—-07
83(S) — 1.552761E-09
89(S) - 0.9657752
81008 —0.296410
Best 22.8429706205
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in the real world, are compared with the standard and widely used meta-heuristic
algorithms. The findings indicate that a larger population size increases the algo-
rithm’s efficacy, and it exhibits commendable proficiency in addressing high dimen-
sions within the optimization problem. In addition, the FLA has been studied on 12
well-known engineering problems, and the results of which show the robustness and
superiority of FLA compared to the outcomes of a large number of recent articles.

As inferred from applying FLA to some well-known optimization problems, FLA
provides more desirable solutions based on the quality of the results and computa-
tional time and speed. Moreover, this algorithm shows a satisfactory performance
in terms of avoiding the local optima. For problems that include several different
search spaces with different constraints and limits, further study is required to pro-
pose a binary FLA method to solve real problems—noting that FLA’s application
can be widened to include multi-objective optimization problems. Eventually, the
FLA can be considered a reliable approach to solving complicated problems in the
engineering realm.

Appendix

A: Formulation of engineering optimization problems
A 1. Formulation of the welded beam optimal design
Minimize:
) =£(S([51.52.53.54])) = 1.1047 15,57 + 0.04811s35, (14 +5,)  (15)

By considering:

81(X) =81(8) =7(8) = 7,0y <0 (16)
8:,(X) = 85(8) = 06(S) = 0,0 <0 17)
83(X) =g3(8) =5, -5, <0 (18)
84(X) = g,(8) = 0.1047152 + 004811535, (14 +5,) =5 <0 (19)
gs(X) = g5(8) = 0.125 -5, <0 (20)
86(X) = 86(S) = 6(S) = 6,0, <0 (21)
87(X) =8, =P-P(S) <0 (22)
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where
— "2 o 52 12
T(S)—\/(T) + 2t = + (¢") (23)
2R
y_ P n _ MR
r= =T (24-25)
\/55152
) 53 si+s3)’ 4PL3
M:P<L+—>,R— —+< ) ,8(S) = (26-28)
2 4 2 ES§S4
S5 S|+ 83 2 6PL
J=2[V2ss, —_— 0(8) =— (29-30)
12 2 5455
S6S2
4.013E % s E 31
P.(S) = 1-24/=
() L? ( 2LV 4 >
E=30e6 psi, 0,,,,=30,000 L=14 in, psi G=12e6 psi, P=6,000 Ib,z,,,, = 13,000
psi,
Opmax=0.251n,0.1 < 51,5, £2,0.1 < 5,53 < 10.
A 2. Formulation of the Three-Bar truss optimization
Minimize:
£(8) = Ix (2\/§s, + s2) 32)
By considering:
\/Es1 + 5,
8 =PX ——m— - 0 (33)
\/zs% + 25,5,
(S) = Px %2 <0
8 =PX ——"——-0<
\/zs% + 25,5, (34
1
88 =PX——-0<0 (35)
25, + 5y

6 =2kN/cm?, L=100 cm, P=2kN/cm.?
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A 3. Formulation of the cantilever beam optimization
Minimize:
f(S) = 0.0624 x (Sl +5, + 55+ 5, +S5)

By considering:

PRSI SIS N
5 > S35 55

where 0.01 <, 55, 53, 54, 55 < 100.

A 4. Formulation of the cantilever beam optimization

Minimize:

2
() - (2
f(S)_<(6.931> <S1S4>>

12 <5, <60,i=1,2,3,4.

A 5. Formulation of the tension/compression spring optimization

Minimize:
S = (s3 + Z)SZS%

By considering:

5355
H=1-—"<0
8% 717855
452 — 515, 1
(§) = —— + -1
$ T 12566(sls, —57) 510852
140455,
g(8)=1-——1<0
5583
A + )

S) = -1<0
84(S) 15 <

005<s <2,025<s5,<13,2<s, <15
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A 6. Formulation of the tension pressure vessel optimal design
Minimize:
f(S) = 0.6224s, 535, + 1.7781s,53 + 3.166 1575, + 19.84s%s,
By considering:

81(8) = —s5,+0.0193s; <0

2,(S) = —s, + 0.00954s; <0
2 4 3
85(8) = —ms3s, — 375+ 1296000 < 0

84(8) =s5,—-240<0

0<s; <100,i=1,2.
10 < s5; < 200, i=3, 4.

A 7. Formulation of the speed reducer optimization
Minimize:
f<X : [xl(b),xz(m),x3(z),x4(ll),x5 (12)7’%(‘11 ),x7 (dz)] )
:f(S: [Sl’ SZ, S3, S4, SS’ S6, S7] )
= 0.7854bm2(3.3333z2 +14.93347 — 43.0934)

— 1.508b(d; + d3) +7.4777(d; +d;)
+0.7854(1,d; + L,d5)

By considering:

S) = -1<0
808 ) b
397.5
S)=—=-1<0
8(S) ) =
) 1.93 x l?
83 Zd4 -

(44)

(45)

(46)

(47)

(48)

(49)

(50)

D

(52)
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1.93% 83
8(8) = ——2—1<0
mzd2
2
\/(%) + 1.69¢6
S) = ~1<0
85( ) 110df
2
\/(ﬁi> +157.5¢6
) = - -1<0
g 85d2

mz
H=—-1<0
87(S) 20

gg(S)=57m—150

b
=2 _1<0
8(5) 12m -

1.5xd +19
810(S) = l— -1=<
1
1.1xd,+1.9

1<0
l2 -

g11(d =

A 8. Formulation of the vertical deflection optimal design of an I-Beam

Minimize:
5000
f(sl’525S37s4) =f(h’ b, tw7tf) = 1 (h=21,)3 b3 et \ 2
WO L th(—f)
12 6 I\ 2

By considering:

g1 = 2bt; +1,,(h—21;) <300

18h x 10* + 15b x 10°

8 =
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(54)

(55)

(56)

(57
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(60)

(61)
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09 <1 <509<1,<510<b<5010<h<80

A 9. Formulation of the tubular column optimal design

Minimize:
f(S) =f(d,1) = 9.8dt + 2d 64)
By considering:
P
= -1<0
51 ndtay - (65)
8P
=——-1<0
82 7r3Edl(d2 + t2) (66)
2
8=5~ 1<0 67)
d
=—-1<0
Ba=qg s 68)
0.2
8s - 1<0 69)
L
86 = 08 <0 (70)

A 10. Formulation of the piston lever optimal design
Minimize:
1
f(S)=f(H,B,X,D) = 2xD*(L, ~ L,) (71)

By considering:

g1 = OLcos @ — RF < 0at0 = 45° (72)
& =-M,,+0L-X)<0 (73)
g3=12(L,—L;)-L <0 (74)
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D
=—-B<0
84 ) =
_ |=X(Xsin0 + H) + H(B — X cos 0)|

JX-Bir P

R

xPD?
4

L, =V(X-Bp+H

F =

L2 = \/(X sin45 + H)* 4+ (B — X cos 45)?

0<s,(H), 5,(B), s, (D) <500, 005 < 55(X) < 120.

(75)

(76)

(77)

(78)

(79

In this equation, the payload equals 0=10,000 /bs, L (Iever) =240 in, M, ,, (maxi-
mum bending moment) =1.8x10° Ibs.in, and P (oil pressure) =1,500 psi.

A 11. Formulation of the corrugated bulkhead optimal design

Minimize:
5.885t(b + 1)

f(S) Zf(b,h, l’ t) e —
b+\VE -1

By considering:

g = th<0.4b + é) - 8.94(b +VE- h2> >0

l

- th2<0.2b L
& + B

) - 2.2(8.94(19 R/ h2>)

g3 =1t—0.0156b-0.15>0
gy =1—0.0156/—0.15> 0
g&=t—105>0

g =1—h>0

0<b,hl<1000<t<5
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A 12, Formulation of the car side impact optimization
Minimize:
f(8) =198 +4.90s, + 6.67s, + 6.98s3 +4.01s, + 1.78s5 + 2.73s, (87)
By considering:

81(8) =1.16 — 0.3717s,5, — 0.00931s,5,, — 0.4845559 + 0.01343545,7 < 1
(88)
5(S) = 0.261 — 0.0159s, 5, — 0.1885, 55 — 0.0195,5, + 0.0144s,55 + 0.0008757s55,,
+0.080455,5, + 0.001395g5s,, + 0.000015755,,5,, < 0.32
(89)
83(8) = 0.214 4 0.00817s5 — 0.131s, 53 — 0.0704s,59 4+ 0.03099s,5¢
—0.018s,57 + 0.0208s555 + 0.121535¢ — 0.0036455s5 (90)
+ 0.0007715s55,5 — 0.0005354s¢s,, + 0.00121s4s5,; < 0.32

24(S) = 0.74 — 0.615, — 0.1635355 + 0.001232s5,) — 0.1665,54 + 0.227s < 0.32

oD
85(8) = 28.98 + 3.818s5 — 4.25,5, + 0.0207555,( + 6.6354559 — 7. 75755 + 0.32595,5 < 32
92)
86(S) = 33.86 4+ 2.95s55 + 0.1792s,, — 5.057s,5, — 115,54
—0.021555515 — 9.98s,55 + 22545 < 32 ©3)
87(8) =46.36 —9.9s, — 12.95,5¢ + 0.1107535,, < 32 (94)

85(S) = 4.72 = 055, — 0.195,55 — 0.01225,5,0 + 0.00932555,0 + 0.0001915% < 4

(95)
89(S) = 10.58 — 0.674s,5, — 1.955,55 + 0.02054535,5 — 0.0198s,5,¢ + 0.028545,7 < 9.9

(96)
210(S) = 16.45 — 04895557 — 0.8435556 + 0.0432s95,( — 0.05565,s,, — 0.0007865, < 15.7

o7)

0.5 <sy,83,8 <1.5,045 <5, <1.35,0.875 < 55 < 2.625
04 < 56,87 < 1.2,58, 59 € {0.192,0.345},0.5 < 519, 8; < 1.5
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