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J ABSTRACT Sparrow  Search  A lgo rithm  (SSA ) is a k ind  o f  novel sw arm  in te lligence  algorithm , w hich  
has been  app lied  in-to  various dom ains because  o f its un ique  characteristics, such as strong g lobal search  
capability , few  ad justab le  param eters, and  a c lear structure. H ow ever, the SSA  still has som e inheren t 
w eaknesses tha t h inder its fu rther developm ent, such as p oo r popu la tion  diversity, w eak  local searchability , 
and falling  into local op tim a easily. T his m anuscrip t p roposes an im proved  chaos sparrow  search  op tim ization  
algo rithm  (IC SSO A ) to overcom e the m en tioned  shortcom ings o f  the standard  SSA . Firstly , the C ubic  chaos 
m app ing  is in troduced  to  increase the popu la tion  d iversity  in  the in itia liza tion  stage. T hen, an adaptive w eigh t 
is em ployed  to  au tom atica lly  ad just the search  step fo r ba lanc ing  the g lobal search  p erfo rm ance and the local 
search  capab ility  in  d ifferen t phases. F inally , a hybrid  strategy o f L evy fligh t and reverse  learn ing  is p resen ted  
to  pertu rb  the position  o f  ind iv iduals in  the popu la tion  accord ing  to  the random  strategy, and  a g reedy  strategy 
is u tilized  to  select ind iv iduals w ith  h igher fitness values to decrease  the possib ility  o f  falling  in to  the local 
optim um . T he experim ents are d iv ided  in to  tw o m odules. T he fo rm er investigates the perfo rm ance o f  the 
p roposed  approach  th rough  20 benchm ark  functions op tim ization  using  the IC SSO A , standard  SSA , and 
o ther fou r SSA  variants. In  the la tte r experim ent, the se lected  20 functions are also op tim ized  by the IC SSO A  
and other classic  sw arm  in te lligence  algorithm s, nam ely  A CO , PSO , G W O , and  W O A . E xperim en ta l resu lts 
and correspond ing  sta tistical analysis revealed  tha t only  one function  op tim ization  test u sing  the IC SSO A  
w as sligh tly  low er than  the C SSO A  and  the W O A  am ong the 20 -function  op tim ization . In  m ost cases, the 
values fo r bo th  accuracy  and  convergence speed  are h igher than  o ther algorithm s. T he resu lts  also ind icate  
tha t the IC S SO A  has an ou ts tand ing  ability  to  ju m p  ou t o f the local optim um .

•: INDEX TERMS A daptive w eigh ting  m odification , cub ic  chaos m apping , levy flight, reverse learning, 
sparrow  search algorithm .

I. INTRODUCTION
Sw arm  In te lligence  (SI) is a m ethod  to  solve com plex  rea l­
istic  p rob lem s by  sim ulating  b io log ica l com m unication  and 
cooperative behav io rs and  conveying in fo rm ation  am ong
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ind iv iduals [1]. R ecently , the SI has received  w ide a tten tion  
from  d ifferen t aspects and  ob ta ined  fru itfu l achievem ents 
because  o f its sim ple structure, easy  im plem en tation , good  
robustness, and  w ide app licab ility  [2], [3], [4]. A s one o f  the 
la test SI algorithm s, a sparrow  search  algo rithm  (SSA ) w as 
p roposed  in  2020  by  im ita ting  the fo rag ing  and an ti-p redato ry  
behaviors o f sparrow s [5]. C om pared  w ith  o ther SI
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algorithm s, the  SSA  has b een  successfu lly  app lied  in  various 
fie lds because  o f its excellen t characteristics, such  as good  
g lobal search  capability , few  ad justab le  param eters, and  c lear 
struc tu re  [6], [7], [8], [9], [10], [11].

A lthough  th e  SSA  has th e  m en tioned  un ique  h igh ligh ts, 
som e inheren t bo ttlenecks still h inder its fu rther investigation  
fo r resettling  th e  industria l issues, such  as poor popu la tion  
diversity , w eak  loca l searchability , and  th e  tendency  to  fall 
in to  loca l optim al. Scholars have d iscussed  a sea  o f studies 
to  im prove the  perfo rm ance o f th e  standard  SSA  from  var­
ious v iew poin ts. F o r exam ple, Z hang  and D ing  em ployed  a 
log ica l m app ing  to  im prove the  popu la tion  d iversity  in  the  
in itia liza tion  phase and  in troduced  adaptive hyperparam eters 
and  m u ta tion  operators to  enhance  th e  op tim al-seek ing  ab il­
ity. E xperien tia l resu lts verified  th a t th e  im proved  a lgorithm  
w as superio r to  sim ilar SSA  varian ts by  op tim izing  13 test 
functions [12]. O uyang  et al. u tilized  a m irro r reverse lea rn ­
ing and a positive cosine  m echan ism  in  th e  g lobal search  
and  loca l convergence phases to  im prove convergence accu ­
racy. A  d ifferen tia l evo lu tion  approach  w as also  p resen ted  to  
avoid  m issing  h igh-quality  so lu tions to  enhance  th e  ability  
to  escape  loca l optim a. F inally , the  a lg o rith m ’s feasib ility  
w as verified  by  com paring  th ree  SSA  variants and th ree  
c lassica l SI a lgorithm s [13]. W ang e ta l. u sed  B ernou lli chaos 
m app ing  and  adap tive w eigh ting  factors to  im prove th e  g lobal 
search  range o f  th e  SSA  and used  a hybrid  C auchy  m uta tion  
and  reverse learn ing  to  ju m p  out o f  th e  local optim um . T he 
experim en ta l phase used  d ifferen t tes t functions to  com pare 
th e  tw o  c lassica l SI a lgorithm s and verified  th a t the  im proved  
algorithm  has h igh  convergence speed  and  so lu tion  accuracy  
[14]. Z hang  e t al. p roposed  an im proved  sem i-superv ised  
ensem ble  c lassifier using  th e  SSA  (A daB oost-IS S A -S 4V M ) 
to  enhance  lung d isease  d iagnosis c lassifica tion  accuracy. 
T h e  experim en ta l resu lts illu stra ted  th a t th e  c lassifica tion  
m odel perfo rm ed  w ell on b o th  labeled  and  un labeled  lung 
C T  im ages [15]. W u e t al. p resen ted  a new  g reedy  SSA . 
F irstly , a  greedy  stra tegy  w as u sed  to  increase  th e  d iversity  o f 
th e  in itia lized  population . Secondly, a  genetic  opera to r w as 
u tilized  to  update  th e  position  o f  each  ite ration , and  finally  
th e  adaptive w eights w ere  em ployed  to  im prove th e  adap t­
ab ility  o f the  algorithm . T his im proved  algorithm  ou tper­
fo rm ed  o ther a lgorithm s th rough  experim en ta l com parison  
in  term s o f  accuracy, op tim ization  speed , and  stab ility  [16]. 
O ther sim ilar SSA  variants and re la ted  app lications cou ld  
b e  found  in  [17], [18], [19], [20], [21], and  [22]. D eta ils  o f 
som e o f  th e  above m en tions o f  SSA  im provem ents are show n 
in  T able 1.

T hese  d iscussed  SSA  varian ts are focused  on  en rich ing  
popu la tion  d iversity  and avoiding falling  in to  loca l optim a. 
T he m ain  im provem ent ideas cou ld  b e  sum m arized  in to  the  
fo llow ing  po in ts: im proving  th e  in itia l popu la tion  d iversity  
using  d ifferen t hybrid  stra teg ies to  find  the  optim um , ju m p ­
ing ou t o f th e  loca l op tim um  d ilem m a, and  th a t is how  the  
m en tioned  SSA  varian ts succeeded  in  show ing b e tte r resu lts 
th an  th e  standard  SSA . H ow ever, th e  existing  SSA  variants 
still have som e shortcom ings:

( 1) T he convergence speed  is still re la tively  slow.
(2) T hey do no t consider how  to  ba lance  the  exp lo ra tion  

capab ility  in  the  early  ite ra tions and  th e  exp lo ita tion  capab il­
ity  in  the  la te  iterations.

(3 ) T hey  only  consider how  to  reduce  th e  risk  o f  avoiding 
falling  in to  a local op tim um  bu t do  no t p ropose  a feasib le  
so lu tion  to  how  th e  algo rithm  can  escape  from  th e  local 
op tim um  after falling  in to  a loca l optim um .

B ased  on th e  above find ings, an  im proved  chaos sparrow  
search  op tim ization  algo rithm  (IC SSO A ) is p resen ted  to  b a l­
ance th e  exp lo ra tion  capab ility  in  the  early  ite ra tions and 
the  exp lo ita tion  capab ility  in  th e  la te  iterations. T he m ain  
im provem ents o f  th e  IC S S O A  algorithm  cou ld  be  separated  
in to  the  fo llow ing  po in ts:

F irstly , th e  in itia l sparrow  popu la tion  is en riched  w ith  
d iversity  by  using  th e  C ubic function  fo r chaos in itia liza tion  
during  popu la tion  in itia lization .

Secondly, th e  in troduc tion  o f  adap tive w eigh ts ba lances the 
searchab ility  in  th e  early  stage and  th e  developm ent ability  in  
the  la te r stage.

F inally , a  hybrid  stra tegy  o f  L evy fligh t and reverse 
learn ing  is u sed  to  enhance  th e  ab ility  o f the  algo rithm  to  
escape  from  the  local optim um . T he experim en ts are im p le­
m en ted  fu rther to  va lida te  the  perfo rm ance o f  IC SSO A  from  
tw o d im ensions. O n th e  one hand , a  long itud inal com pari­
son is execu ted  by  op tim izing  th e  20 b enchm ark  functions 
am ong th e  SSA , th e  IC SSO A , and o ther fou r SSA  variants 
(C haos Sparrow  S earch  O ptim ization  A lgorithm  (C SSO A ) 
[23], Im proved  Spar-row  S earch  A lgorithm  (ISSA (a)) [24], 
C haotic  strategy and A dap tive inertia  w eigh t stra tegy  S par­
row  Search  A lgorithm  (C A SSA ) [25] and  Im proved  Spar­
row  Search A lgorithm  (ISSA (b)) [26]). O n  th e  o ther hand, 
a ho rizon ta l com parison  is also  carried  out by  op tim izing  
the  20 benchm ark  functions am ong th e  IC S S O A  and o ther 
SI a lgorithm s (G rey W olf O p tim izer (G W O ) [27], P article 
Sw arm  O ptim iza tion  (PSO ) [28], W hale  O p tim ization  A lg o ­
rithm  (W O A ) [29], and A nt C olony  O ptim ization  (A C O ) 
[30], [31], [32]). In  short, a system atica l analysis o f the 
ten  a lgorithm s is carried  ou t by  testing  11 un im odal and 
9 m u ltim odal tes t functions, thus verify ing  th e  superiority  
o f IC S SO A  in  term s o f  m erit-seek ing  capability , so lu tion  
accuracy  and  convergence speed.

T he rest sections o f th is paper are o rganized  as follow s. 
Section  tw o  recalls th e  re la ted  notions. Section  th ree  d is­
cusses the  p roposed  IC SSO A  in  detail. S ection  four reveals 
the  perfo rm ance o f th e  p roposed  algorithm  th roughou t fu n c ­
tion  op tim ization  tasks and  correspond ing  sta tistica l analysis. 
Section  five concludes the  en tire  paper.

II. STANDARD SPARRPW SEARCH ALGORITHM
T he SSA  refers to  the  p rocess o f p redation  and  an ti-p redation  
behav io r o f  sparrow s for location  updates, based  on  th e  fo l­
low ing princip les.

T he sparrow s in  th e  popu la tion  are d iv ided  in to  tw o 
categories, p roducers and fo llow ers. T he tw o iden tities o f  
the  sparrow  can  be  in terchanged , and each  sparrow  has a
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TABLE 1. Literature analysis.

Reference number Features Advantages Application

Logistic mapping

Reference [12]
Self-adaptive hyper -parameters 

Mutation operator 

Regularization parameter

Enhance global search capability
Model parameter 

optimization

Reference [13]
Reverse learning strategy 

An improved sine and cosine guidance mechanism
Enrich population diversity 

Improve search accuracy
Path Planning

A  differential-based local search
Bernoulli chaotic mapping

Reference [14]
Dynamic adaptive weighting Enrich population diversity

Model optimization
Cauchy mutation 

Reverse learning
Improv ability to jump out o f  local optima

Reference [15]
Sine cosine algorithm 

N ew  labor cooperation structure
Improve global search capability 

Improved convergence ability
Data classification

Greedy algorithm 

Genetic operators 

Adaptive weight

Increase the diversity o f  the population

Reference [16]
Balance global search and local development 

capabilities 

Increase the adaptability o f  the algorithm

Traveling salesman 
problem

Reference [17]
Sine map

Adaptive adjustment o f  hyper-parameters
Improve the global optimization ability o f  the 

algorithm
Image recognition

Mutation strategy

danger aw areness m echanism . To be  specific , each  sparrow  
is aw are o f  approach ing  danger or na tu ra l enem ies and  w ill 
im m edia te ly  engage in  an ti-p redato ry  b ehav io r to  ensure its 
safety. T he p roducers them selves are h igh  in  energy  and good  
at find ing  food , search ing  w idely, lead ing  o ther sparrow s 
in  the ir search  and  forag ing  fo r food. Follow ers fo llow  the  
p roducer to  ob ta in  m ore  food , and  fo llow ers are alw ays on 
th e  lookou t fo r th e  p roducer to  in crease  th e ir food  in take  by  
g rabbing  food  or fo rag ing  around  th e  producer.

A. BASIC CONCEPTS
T he standard  SS A  fo rm u la  associa ted  w ith  part A  is referred  
accord ing  to  th e  reference  [5].

A ssum ing  N  sparrow s in  D -d im ensional space, th e  p o p u ­
la tion  m atrix  is show n in  E q. ( 1) .

X  =  [X1, X2, ■ ■ ■ , XN ]T , Xi =  , Xi,2, ■■■ , Xi,d ] (1)

w here  x i,D rep resen ts th e  position  o f  th e  ith sparrow  in  d im en­
sion  D.

P roducers are typ ically  10% to  20%  o f the  popu la tion  size 
and  the  location  is upda ted  using  th e  Eq. (2 ) .

‘ x h  •  exp (  r 2 < S T
R 2 > S T

L* t +1
Xi j  =

=  I 'J
x l j  +  Q  • L

(2)

w here, t  rep resen ts th e  cu rren t num ber o f iterations. 
j  =  1, 2, ■ ■ ■ , d . itermax rep resen ts th e  m ax im um  num ber 
o f  iterations. a  is a  un ifo rm  random  num ber in  th e  range 
0 to  1. R 2 (R2 e  [0, 1]) and  S T  (S T  e  [0.5, 1.0]) rep resen t 
th e  alert and  safety  values fo r sparrow s respectively. Q  is a 
random  num ber th a t fo llow s a standard  norm al d istribu tion . 
L  is a m atrix  o f 1 x  d  and each  e lem en t o f th e  m atrix  is 1. 
R 2 <  S T  ind ica tes th a t th e  p roducer is su rrounded  by  no

natu ra l p redators and  is in  a relatively  safe location  and the 
p roducers enters a w ide-area  search  m ode. O therw ise , R 2  >  
S T  m eans th a t th e  p roducer is aw are o f the  p resence  o f a 
na tu ra l predator, th en  the  p roducer should  go to  ano ther area 
to  forage.

T he fo llow er position  is upda ted  due  to  th e  Eq. (3 ) .

Xt+ 1 — x i j  =
Q ■ exp

Xp + 1 +

(3)
x t  xt+ i\ j  xp i A+ •  L  o therw ise

w here, Xwt orst rep resen ts th e  cu rren t position  o f the  least 
adapted  sparrow . Xp rep resen ts th e  position  o f the  sparrow  
w ith  th e  best cu rren t p roducer adapta tion . A  rep resen ts a 
m atrix  o f  1 x  d , and  each  e lem en t o f th e  m atrix  is assigned  
a random  value o f 1 or -1. A+ =  A T (A A T ĵ . M oreover, 
i >  2 m eans tha t the  ith sparrow  w ith  th e  w orse adap ta tion  is 
likely  to  be  hungry  and  so needs to  travel to  ano ther location  
to  forage.

B. DANGER AWARENESS MECHANISM
Som e sparrow s perceive th e  th rea t o f  p redato rs w hen  forag ing  
and w ill abandon  the ir cu rren t position  and  fly  to  another 
position . Sparrow s th a t perceive danger generally  m ake up 
10% -20%  o f  the  population . T he position  o f th e  sparrow s tha t 
perceive danger is updated  as show n in  Eq. (4 ) .

Xt+ 1 — x i j  =

Kbest

x i j  +  K

best
.t
worst

f i  > . 

f i  =
(4)

2
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x best is th e  cu rren t g lobal op tim um  position . i  is a  standard  
norm ally  d is tribu ted  random  step con tro l param eter. K  e  
[ - 1 ,  1] is a  un ifo rm  random  num ber. f  is th e  cu rren t fitness 
value o f  th e  sparrow . f g and  f w are th e  cu rren t g lobal best-fit 
and  w orst-fit values respectively. e is th e  sm allest constan t to  
avoid  d iv ision  by  zero error.

W hen  f  > f g , ind icating  th a t th e  ind iv idual sparrow  is at 
th e  edge o f  th e  popu la tion  and vu lnerab le  to  a ttack  by  natu ral 
p redators. W hen  f  — f g, th e  ind iv idual sparrow  is in  the  
m idd le  o f  the  p opu la tion  and is aw are o f  th e  danger and needs 
to  m ove c loser to  o ther sparrow s to  escape from  predators.

C. BASIC SSA STEP
A ccord ing  to  th e  above sparrow  forag ing  process, the  overall 
execu tion  process o f th e  SSA  algorithm  includes th e  fo llow ­
ing six  steps.

Step 1: R andom ly  in itia lize  th e  sparrow  population . Set 
param eters such  as m ax im um  num ber o f  ite ra tions, po p u la ­
tio n  size, num ber o f  d iscoverers, num ber o f sparrow s sensing 
danger, safety  value and set th e  ob jective function .

Step 2: Sort th e  sparrow  popu la tion  fo r fitness values to  
find  th e  best ind iv idual and th e  cu rren t w orst individual.

Step 3: T he p roducer perfo rm s a location  update  accord ing  
to  Eq. (2 ) .

Step 4: T he fo llow er perfo rm s a p osition  update  accord ing  
to  Eq. (3 ) .

Step 5: Som e sparrow s are random ly  se lec ted  to  perceive 
danger and  thus m ove, and the ir positions are updated  as 
show n in  Eq. (4 ) .

Step 6:E valuate  all ind iv iduals. I f  the  updated  ind iv idual 
is b e tte r th an  th e  o rig inal one, rep lace  th e  upda ted  ind iv idual 
w ith  th a t indiv idual. I f  th e  m ax im um  num ber o f iterations 
is reached , th e  best sparrow  position  and  th e  op tim al fitness 
value are output. O therw ise, th e  cu rren t num ber o f  iterations 
is added  by  one and  m ove to  step 2.

III. IMPROVED CHAOS SPARRPW SEARCH 
OPTIMIZATION ALGORITHM
F or th e  standard  SSA , th e  p roducer does no t m ain ta in  a 
good  balance  betw een  the  search  o f  the  early  ite ra tion  and  
th e  developm ent o f  th e  la te r ite ra tion  in  the  g lobal search , 
failing  to  search  extensively  for the  op tim al so lu tion  in  the  
early  ite ra tion  and th e  sligh tly  low er accuracy  o f the  so lu tion  
in  th e  la te r iteration . T he fo llow ers b lind ly  fo llow  th e  p ro ­
d u ce r’s position , reducing  popu la tion  d iversity  and  qu ick ly  
falling  in to  th e  d ilem m a o f loca l optim um . To address the  
above prob lem s, en rich ing  the  d iversity  o f  the  popu la tion  is 
th e  p rim ary  m echan ism  to  m ain ta in  th e  dynam ic  ba lance  o f 
p roducer search  and developm ent, and im proving  th e  ability  
to  escape  local op tim a is the  focus o f  IC SSO A  research . T his 
chap te r w ill exp la in  th e  IC S S O A  in  deta il from  th e  fo llow ing  
aspects.

A. CUBIC CHAOS MAPPING
T h e C haos is a  non linear phenom enon  th a t exists in  nature 
and  has been  applied  to  op tim ize  algorithm s. It en riches the

diversity  o f popu la tions and  fac ilita tes the  algorithm  to  ju m p  
out o f  th e  local op tim um  because  o f  its stochastic  and ergodic 
nature. C ubic  m apping  is a ty p ica l chaotic  m app ing , and  its 
standard  fo rm  is show n in  the  Eq. (5 ) [33].

Xn+1 — bxn -  CXn (5)

w here b  and  c are chao tic  im pac t factors.
W h en  c e  (2 .3 , 3 ), th e  sequence generated  by  C ubic m ap ­

ping is th e  chaos sequence. F eng  et al. analyzed  th e  m ax im um  
L yapunov exponen t fo r 16 com m on  chaotic  m app ings such  as 
C ubic m apping  and  co rrec ted  th e  C ubic m apping  expression  
[34]. T he experim en ta l resu lts dem onstra ted  tha t th e  chaos 
o f C ubic m apping  is sim ilar to  th a t o f w orm  m outh  m apping  
and ten t m apping , and  it is b e tte r than  the  one-d im ensional 
m appings such  as S ine m apping  and  C irc le  m apping . T he 
IC SSO A  uses th e  co rrec ted  C ubic m apping  in itia lized  po p ­
u la tion  specific  expression  as show n in  Eq. (6 ) [35].

xn+1 — p  x n 1 -  x n2 (6)

w here, x n e  (0, 1) and p  is th e  con tro l param eter.

B. ADAPTIVE WEIGHTING FACTOR
T he p roducer perform s g lobal exp lo ra tion  as d rastica lly  as 
possib le  in  th e  early  ite ra tions to  qu ick ly  find  th e  g lobal op ti­
m al so lu tion , so a larger inertia  w eigh t is needed  in  th e  early  
iterations to  leng then  th e  g lobal search  range o f  th e  d iscov ­
erer. A t th e  sam e tim e, a sm aller inertia  w eigh t is needed  in  
the  la te  iterations to  im prove the  local exp lo ita tion  capab ility  
o f th e  d iscoverer fo r accelerating  th e  convergence speed  and 
avoiding falling  in to  the  loca l op tim al so lu tion . T herefore , 
fusing adaptive w eigh ts p roposes a new  im provem ent to  the 
p roducer position  update  Eq. (2 ) , and  th e  p roducer position  
im provem ent equation  is show n in  th e  Eq. (7 ) .

i,j
x t+1 — |  «  ■x i,, •  en  — e - 1  R2 <

(7)
m •  x t j  +  Q  •  L R 2 > S T

T he specific  ca lcu la tion  o f  m  is show n in  Eq. (8) [36].

m  —
M0

0.9
t <  t0

t > t0
(8)

w here, m0 is th e  given positive rea l num ber. t  is th e  cu rren t 
num ber o f  iterations. t0 is th e  g iven num ber o f  iterations.

In  th e  sparrow  search  process, th e  p roducer im proves its 
g lobal search  range w ith  a larger step size  in  the  early  ite ra tion  
and im proves its local exp lo ita tion  capab ility  w ith  a p ro g res­
sively sm aller step  size  in  th e  la te  iteration .

C. A HYBRID STRATEGY OF LEVY FLIGHT AND REVERSE 
LEARNING
L evy fligh t is a  class o f  non-G aussian  stochastic  p rocesses. 
T he p robab ility  d is tribu tion  o f  step  leng th  is a heavy-ta iled  
d is tribu tion  o f  random  w alks. F or SI op tim ization  algorithm s 
p rone to  fa ll in to  th e  d ilem m a o f  local op tim um , L evy fligh t

1

t
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possesses the  ab ility  to  le t th e  algorithm  ju m p  out o f  the  
loca l op tim um  by  a g ian t stride w ith  a h igher p robab ility  o f 
occurrence  in  th e  random  w alk. T he sparrow  position  update  
fo rm u la  b ased  on L evy fligh t is show n in  Eq. (9 ) [37].

x h+Wi= A  +  y  ® L evy  (k) (9)

w here, y  is th e  step con tro l param eter. L evy  (k )  is a  random  
pa th  search  and sa tisfies Eq. (10).

L evy  ~  u — t k 1 <  k  <  3 

T he genera tion  step is show n in  Eq. ( 11) .

S  — 1 <  i  <  2
|v| i

(10)

(11)

w here, ^  and  v  are a random  num ber tha t fo llow s a norm al 
d istribu tion . ^  ~  N  (0, 5^ ). v  ~  N  (0, 52). 5v — 1. T he 
ca lcu la tion  fo rm u la  o f  p aram eter 5M is show n in  Eq. ( 12) .

5 _  \ T(1+j) sin(nj/2)
5^  1 T[(1+i)/2]2(i-1)/2i  J (12)

w here, i  usually  takes th e  value o f  th e  constan t 1.5.
R everse learn ing  is a m ethod  to  find  th e  co rresponding  

reverse  so lu tion  by  th e  cu rren t so lu tion  and re ta in  th e  better 
so lu tion  after evaluation , so reverse learn ing  has the  fea tu re  o f 
find ing  th e  b e tte r so lu tion  and  is o ften  used  by  SI algorithm s 
to  ju m p  out o f the  loca l optim um . T he sparrow  position  
update  b ased  on  reverse  learn ing  is show n in  Eq. ( 13) .

x'best ( t ) — ub  +  r  ® (lb -  xbest ( t ))

b  ® (xbest ( t ) -  xbest ( t )) (13)x t + 1 =  x tnewi =  i

w here, x'best ( t ) rep resen ts th e  op tim al inverse so lu tion  o f 
th e  ith sparrow  at th e  tth iteration . ub  and  lb  are th e  upper 
and  low er spatia l boundaries, and r  is a  standard  un ifo rm ly  
d is tribu ted  random  num ber. b  rep resen ts th e  in fo rm ation  
exchange con tro l param eter, and its ca lcu la tion  fo rm u la  is 
show n in  Eq. ( 14) .

b  — 1 -
iterm

(14)

To fu rther im prove th e  SS A  search  capability , a dynam ic 
se lec tion  stra tegy  is adop ted  to  update  th e  position  o f  the  
sparrow  b ased  on th e  above tw o m ethods, and  L evy fligh t and  
reverse  learn ing  are a lternately  used  to  update  th e  position  
w ith  a certa in  probability . In  the  L evy fligh t strategy, th e  step 
fac to r is used  to  expand  the  search  range and ju m p  out o f the  
loca l op tim al d ilem m a. M eanw hile , in  the  reverse  learn ing  
strategy, th e  reverse  so lu tion  is u sed  to  increase  th e  d iversity  
o f  so lu tions and  im prove th e  a lg o rith m ’s search  op tim ization  
perform ance.

T he dynam ic  selec tion  strategy approach  is as follow s.
W hen  rand  e  (0, 0 .5 ), choose  Eq. (9 ) L evy fligh t stra t­

egy  fo r sparrow  position  update . O therw ise, choose  Eq. ( 13) 
reverse  learn ing  fo r sparrow  position  update . A fter tha t, the  
g reedy  ru le  is u sed  to  decide  w hether the  o ld  position  needs 
to  be  rep laced  by  th e  new  one and en te r th e  nex t genera tion

by  com paring  th e  m agn itude  o f  th e  adap ta tion  values o f  the 
o ld  and new  positions. T he g reedy  ru le  is show n in  Eq. ( 15) .

x \ (t +  1)

xi (t  +  1) f  (xi (t +  1)) <  f  (xnewi (t +  1))

x newi (t +  1) f  (x i (t +  1)) >  f  (xnewi (t +  1))
(15)

w here, x newi (t +  1) rep resen ts th e  new  sparrow  genera ted  by  
the  hybrid  strategy. f  (x ) rep resen ts th e  cu rren t adapta tion  
value o f  th e  sparrow.

D. ICSSOA PROCESS
T he p roposed  IC S S O A  algorithm  b ased  on th e  above th ree  
im provem ent ideas consists o f  th e  fo llow ing  e igh t steps.

Step 1: In itia lize  the  sparrow  popu la tion  accord ing  to  
the  Eq. (6 ) . Set each  p aram eter such  as objective function , 
popu la tion  num ber N , set p rob lem  d im ension  D , m ax im um  
num ber o f  ite ra tions, percen tage  o f  d iscoverer sparrow s, and 
percen tage  o f  w arn ing  sparrow s.

Step 2: Sort th e  sparrow  popu la tion  fo r fitness values 
to  find  the  cu rren t best ind iv idual and th e  cu rren t w orst 
individual.

Step 3:D iscoverer position  update . T he adaptive inertia  
w eigh t fac to r is ob ta ined  using  th e  Eq. (8) , and th en  the 
p roducer location  is updated  by  th e  Eq. (7 ) .

Step 4: F ollow er location  update . T he fo llow er position  is 
updated  by  the  Eq. (3 ) .

Step 5: A lert sparrow  position  update . A  num ber o f  spar­
row s are random ly  se lec ted  and  the  w arn ing  sparrow  position  
is upda ted  by  Eq. (4 ) .

Step 6: D ynam ic strategy selection . T he sparrow  position  
is updated  accord ing  to  th e  random  probab ility  se lection  
strategy. W hen  rand  e  (0, 0 .5 ), th e  L evy fligh t strategy 
is selected , th e  step  size is ob tained  by  th e  Eq. ( 11) and 
Eq. ( 12) , and  then  each  sparrow  position  is updated  using  the 
Eq. (9 ) . O therw ise, th e  reverse  learn ing  stra tegy  is selected , 
the  in fo rm ation  exchange param eters are ob ta ined  by  the 
Eq. ( 14) , and  then  each  sparrow  position  is updated  using  the 
Eq. ( 13) .

Step 7:T hen  positions befo re  and  after th e  update  are co m ­
pared  using  th e  greedy ru le  and th e  fitness value is calcu lated . 
T he sparrow  position  w ith  th e  b e tte r fitness value is retained.

Step 8:T erm ination  condition . T he te rm ina tion  cond ition  
is de term ined  by  determ in ing  w hether the  cu rren t num ber o f  
iterations reaches th e  m ax im um  num ber o f  ite ra tions, and 
the  op tim al so lu tion  is ou tpu t i f  th e  m ax im um  num ber o f  
iterations is reached . O therw ise, m ove to  step 2 and add  one 
to  the  cu rren t num ber o f iterations.

F rom  the  above steps, the  algo rithm  flow  chart o f the 
IC SSO A  is show n in  F igure  1.

E. ICSSOA TIME COMPLEXITY ANALYSIS
In  SSA , th e  tim e  m agn itudes fo r popu la tion  in itia liza tion  and 
param eter setting  are n  and  C .

In  th e  p roducer location  update  phase, th e  top  20%  o f spar­
row s need  to  be  se lec ted  as p roducers fo r location  update  by

tt
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FIGURE 1. ICSSOA algorithm flow chart.

ranking  the  sparrow  fitness and  ju d g in g  w hether each  d im en­
sion  is beyond  th e  set spatia l range, i f  th e  to ta l d im ension  
is k  d im ensions, th e  sparrow  fitness ranking  and  p roducer 
location  update  tim e  m agn itudes are n x  log2 x k  and  n  x  k .

T he fo llow er position  update  phase  requires th e  p o si­
tio n  update  o f  the  rem ain ing  sparrow s as fo llow ers and  the  
determ ination  o f w hether each  d im ension  o f  th e  ind iv idual is 
ou t o f bounds, w ith  a tim e  scale  o f  n  x  k .

In  th e  alert sparrow  position  update  phase, som e sparrow s 
are random ly  selec ted  fo r position  upda te  and  ju d g m en t is 
m ade on w hether each  d im ension  o f  an  ind iv idual is out o f 
bounds, w ith  tim e  m agn itude  n  x  k .

In  sum m ary, th e  p roducer location  upda te  tim e  m agn itude  
is n x  log2 x k  +  n x  k . B o th  th e  fo llow er location  update  
tim e  m agn itude  and  th e  alert sparrow  location  upda te  tim e 
m agn itude  are n  x  k .

T he tim e  com plex ity  o f  SSA  is

O (n x  k  +  n x  log2 x k  +  n x  k  +  n x  k  +  n x  k)

~  O (n x  lo g 2 ) .

IC S S O A  adds C ubic chaos m app ing , adap tive w eigh ts fo r 
p roducer location  updates, and hybrid  p o licies to  th e  standard  
SSA .

C haos in itia liza tion  uses chaos m app ing  fo r each  sparrow  
fo r popu la tion  in itia lization . T he tim e  m agn itude  is n x  k .

T he adaptive w eigh t ju d g m en t tim e  m agn itude  is 1. T he 
im proved  p roducer location  update  fo rm u la  tim e  m agn itude  
is n x  logn x k  +  n x  k .

T he  L evy fligh t step in  th e  hybrid  stra tegy  ca lcu la tes the 
tim e  m agn itude  as a constan t 1, then  the  tim e  m agn itude  o f  
L evy fligh t app lied  to  each  sparrow  in  th e  popu la tion  is n x  k . 
T he tim e  m agn itude  fo r determ in ing  w hether an ind iv idual is 
out o f bounds fo r ju d g m en t is n x  k . T he tim e  m agn itude  
o f reverse  learn ing  to  solve the  reverse  so lu tion  b ased  on the 
cu rren t so lu tion  is 1. T he tim e  m agn itude  o f  reverse  learn ing  
applied  to  each  sparrow  in  the  popu la tion  is n x  k . T he  tim e 
m agn itude  fo r de term in ing  w hether an ind iv idual is out o f  
bounds fo r ju d g m en t is n x  k .

T he  tim e  com plex ity  o f IC SSO A  is

O (n x  k  +  n x  logn x k  +  n x  k  +  n x  k  +  n x  k  +  n x  k  

+  n x  k ) ~  O  (n x  lo g 2 ) .

IV. EXPERIMENT AND ANALYSIS
A. TEST FUNCTIONS
T he experim en ts w ere conducted  using a com puter running  in  
an env ironm ent such  as A D M  R yzen  7 5800H  @ 3.20G H z, 
16G, W indow s 10 operating  system , and th e  im plem enta tion  
o f th e  func tiona l code using  th e  p rogram m ing  language MAT- 
L A B R 2021b. T he tw en ty  benchm ark  functions used  in  use 
(F1-F11 fo r un im odal functions and F12-F 20  for m ultim odal 
functions) are show n in  Table 2. T he un im odal function  has 
only one local m in im a in  th e  bounded  in terval, w h ile  the  m u l­
tim odal func tion  has m u ltip le  local m in im a in  th e  bounded  
in terval. T he un im odal function  tests w hether th e  a lgorithm  
can  find  th e  fu n c tio n ’s m in im um  value quickly , w hile  the 
m ultim odal function  considers w hether the  algo rithm  has 
good  enough  perfo rm ance to  ju m p  out o f  th e  loca l optim um .
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TABLE 2. List of test functions.

Number _F\mctionex£ressi£ns_

FI

F2

F3

F4

F5

F6

F7

F8

F9

F10

F ll

F12

F13

F14

F15

F16

/0) = lX
i=l

/ ( * ) = z w + n w
1=1 ;=i

d ( i '
/ ( * ) = X  l L x j

i=1 V J=1 ,

/ ( x )  = m ax,{|i,|,l< i<«]

/ ( * ) = Z [ 100f e .  ~ * W + ( * , - 1)2]
2=1

f (x )  = ̂ ( [ x i +0.5]f
i=i

/0)=Zkr
2=1

/ ( * )  =  £ « ?
i=1

d r  d \ 2 r  d y
/ ( * )  = 2 X  +  J o . 5 a ; +

i=l V 1=1 )  V 1=1
d

f (x) = + random [0,1)
<=i

d/4/(*)=X (*4i-3 +10x4;-2) + 5 ( x4;1 x4i)

+  (* 4 ,-2  -  2 * 4„ i  ) 4 +  1 0 ( % - 3  -  *4 i ) 4

/ (* )  = sin2 )
d -1

- 1)2[1 +10sin2 + l)] + (fflj, - 1)2[1 + sin2(2^0̂ )]

fflj. =  1+—— - , j  =  1 , 4

/ ( jc) =  4 1 8 . 9 8 2 9 c ? s i n U x ,
*=i

/ W = ^ j  10sin(^y,) + JJy i - i f  [l+10sin2 {xyM)]+(yd -1)' 

j , .= l+ -

d 
x + 1

u[xj,a,k,m) =
k ^ - a f ,X; >a  

0,-a<xi <a 

k[-xt —a)m ,xt < a

f  (jc) = 0.1 jsin2 (3 ĵc; ) + ̂ (x, - 1)2 [l + sin2 (3/tjc,. +1)]

+(xt - l ) 2[l + sin2 (2nxt)]} + (jc;,5,100,4)
1=1

f ( x )  = 0.5^](x/ -16xf +5xt)

30,50,70 [-100,100]

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

30,50,70

[-10,10]

[-100,100]

30.50.70 [-100,100]

30.50.70 [-30,30]

30.50.70 [-100,100]

[-1,1]

[-10,10]

[-5,10]

30,50,70 [-1.28,1.28]

[-4,5]

[-10,10]

[-500,500]

[-50,50]

[-50,50]

[-5,5] -39.165d
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TABLE 2. (Continued.) List of test functions.

F17

F18

F19

F20

f(x) = -20 exp

f  1 d ^-exp — ̂ cos(2^jc; ) +20 + e
K d  ;=i J

i i+i
f ( x )  = 1 0d  + - 1 0  cos { 2 n x i ) J

1=1

/ w = Z - x <sin (> /H )
1=1

30,50,70

30,50,70

[-32,32]

30,50,70 [-600,600]

[-5,5]

30,50,70 [-500,500] -418.98d

(P S : A ll te s t functions w ere  derived  from  h ttp ://w w w .sfu .ca/~ ssu ijano /)

TABLE 3. List of test functions.

Name Parameter

SSA N  = 30,PD  = 0.2, S T  = 0.8, SD = 0.2
CSSOA N  =  30, PD  =  0.2, S T  = 0.8,SD = 0.2
ISSA(a) N  = 30,PD  = 0.2, S T  =  0.8, SD  =  0.2 ,6  = 0.05
CASSA N  = 30,PD  = 0.2, S T  = 0 .8,SD = 0.2
ISSA(b) N  = 30, P D  = 0.2, S T  = 0.8, SD  = 0.2,Vmax = 0 .9 ,vmin =0.3,<J=0.5

ICSSOA N  = 30,P D  = 0 .2,S T  = 0.2,,SD  = 0 .2,cô  =1.5,f0 =125,/? =  2.595,/? =  1.5
GWO N = 3 0 ,a first = 2 ,01̂  = 0
PSO N  =  30,q  = c2 =  2, h u  = 0.9, =  0.2, v,^ = -v „ „

WOA N  = 30>«to  = 2>a final = 0 >P = 0 5 ’b = 1
ACO N  = 30, Rho = 0.9, P0 = 0.2, step = 0.05

(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 2. Performance comparison on F1.

B. TEST FUNCTIONS EXPERIMENTAL RESULTS AND 
ANALYSIS
To verify  th e  perfo rm ance o f IC SSO A , th e  SSA  and  the  four 
SSA  variants w ere com pared  long itud inally  b ased  on the  
20 benchm ark  functions in  Table 2. T he five SSA s include 
th e  SSA , C SSO A , IS SA (a), C A SSA , and  ISSA (b). C ro ss­
sec tional com parison  o f  fou r d ifferen t SI op tim ization  a lgo ­
rithm s. T he four SI a lgorithm s inc lude  G W O , PSO , W O A , 
and  A CO . E ach  algorithm  w as run  30 tim es independently ,

w ith  1000 ite ra tions per run , and  th e  param eters w ere  set as 
show n in  Table 3.

F igures 2 to  16 reco rd  the  convergence p lo ts o f  each  a lgo ­
rithm  w hile  op tim izing  th e  benchm ark  functions F1 to  F15. 
F unctions F16 to  F20 can  be  algo rithm ically  ju d g e d  b ased  on 
the  accuracy  o f the  so lu tions in  T able 4 because  th e  a lgorithm  
converges too  quickly. M oreover, six  fo lded  includ ing  purp le  
solid  lines, o range so lid  lines, cyan  so lid  lines, b lue  so lid  
lines, g reen  so lid  lines, and  b rick  red  asterisk  solid  lines,
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(a)30-dimension situation 

FIGURE 3. Performance comparison on F2.

Iteration

(b)50-dimension situation (c)70-dimension situation

(a)30-dimension situation 

FIGURE 4. Performance comparison on F3.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

Iteration

(a)30-dimension situation 

FIGURE 5. Performance comparison on F4.

Iteration

(b)50-dimension situation (c)70-dimension situation

(a)30-dimension situation 

FIGURE 6. Performance comparison on F5.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

rep resen t th e  SSA , C SSO A , IS S A (a), C A SSA , IS S A (b), and  
IC S SO A , respectively  in  th e  long itud inal com parison  exper­
im en ta l resu lts , respectively.

T able 4 uses m ean  and  variance  statistics to  fu rther ana­
lyze th e  perfo rm ance o f  th e  six  a lgorithm s in  th e  lo n g itu d i­
nal experim ent. T he resu lts o f  th e  a lgorithm s are ob tained
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Iteration

(a)30-dimension situation
Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

FIGURE 7. Performance comparison on F6.

Iteration Iteration Iteration

(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 8. Performance comparison on F7.

(a)30-dimension situation 

FIGURE 9. Performance comparison on F8.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

Iteration Iteration Iteration

(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 10. Performance comparison on F9.

by  running  each  algo rithm  30 tim es independen tly  in  30, 
50, and  70 d im ensions. T he re la ted  resu lts are reco rded  in  
T able 4, and th e  bo ld ed  fon t show s the  op tim al values in  the  
algorithm s.

F igures 17 to  31 reco rd  th e  convergence p lo ts o f  
each  algo rithm  w hile  op tim izing  the  benchm ark  functions 
F1 to  F15. Functions F 16  to  F 20  can  b e  a lgo rithm i­
cally  ju d g e d  b ased  on  th e  accuracy  o f th e  so lu tions in
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ISSA(a) 
-CASSA 

ISSA(b) 
-  ICSSOA

(a)30-dimension situation 

FIGURE 11. Performance comparison on F10.

Iteration

(b)50-dimension situation
100 200 300 400 500 600 700 800 900 1000

Iteration

(c)70-dimension situation

Iteration

(a)30-dimension situation 

FIGURE 12. Performance comparison on F11.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

(a)30-dimension situation 

FIGURE 13. Performance comparison on F12.

(b)50-dimension situation (c)70-dimension situation

iE
S  10°

SSA 
CSSOA 
ISSA(a) 

-CASSA 
ISSA(b) 

-  ICSSOA

(a)30-dimension situation 

FIGURE 14. Performance comparison on F13.

Iteration

(b)50-dimension situation (c)70-dimension situation

T able 5 because  th e  algo rithm  converges too  quickly . M o re ­
over, five fo lded  inc lud ing  red  asterisk  so lid  line, purp le  
so lid  line, o range solid  line, cyan  so lid  line, and  g reen  so lid

line, rep resen t th e  IC SSO A , G W O , PS O , W O A , and  A C O  
algorithm s in  the  ho rizon ta l com parison  experim en ta l resu lts , 
respectively.
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(a)30-dimension situation 

FIGURE 15. Performance comparison on F14.

(b)50-dimension situation (c)70-dimension situation

Iteration

(a)30-dimension situation
Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

FIGURE 16. Performance comparison on F15.

(a)30-dimension situation 

FIGURE 17. Performance comparison on F1.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

(a)30-dimension situation 

FIGURE 18. Performance comparison on F2.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

Table 5 uses m ean  and  variance sta tistics to  fu rther analyze 
th e  perfo rm ance o f  th e  five a lgorithm s in  th e  ho rizon ta lly  
experim ents. T he resu lts o f  th e  a lgorithm s are ob tained  
by  running  each  algo rithm  30 tim es independen tly  in  30, 
50, and  70 d im ensions. T he re la ted  resu lts are reco rded  in

Table 5, and  the  bo lded  fon t show s th e  op tim al values in  the 
algorithm s.

L ong itud inal experim en ts are com pared  using the  standard  
SSA  algorithm  and  fo u r SSA  variants fo r 20 tes t functions, 
w hich  w ere  run  30 tim es under th e  sam e tes t environm ent,
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TABLE 4. Longitudinal experimental results of fixed dimensions.

SSA CSSOA ISSA(a) CASSA ISSA(b) ICSSOA
MEAN±SD MEAN±SD MEAN±SD MEAN±SD MEAN±SD MEAN±SD

30 9.63E-70±4.32E-139 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
FI 50 9.63E-90±1.55E-177 0.00E+00±0.00E+00 8.73E-120±3.81E-161 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00

70 2.63E-75±4.87E-148 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
30 3.81E-44±1.94E-86 0.00E+00±0.00E+00 5.77E-119±1.00E-235 0.00E+00±0.00E+00 4.57E-182±0.00E+00 0.00E+00±0.00E+00

F2 50 1,57E-38±1.17E-74 0.00E+00±0.00E+00 4.61 E-49± 1.06E-95 0.00E+00±0.00E+00 1.30E-187±0.00E+00 0.00E+00±0.00E+00
70 3.79E-37±1.00E-71 0.00E+00±0.00E+00 1,25E-50± 1.1OE-38 0.00E+00±0.00E+00 7.43E-182±0.00E+00 0.00E+00±0.00E+00
30 1.34E-62±5.44E-123 0.00E+00±0.00E+00 4.44E-267±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00

F3 50 3.41E-58±5.81E-114 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
70 9.03E-61±5.71E-119 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
30 2.21E-41±7.91E-81 0.00E+00±0.00E+00 3.54E-319±0.00E+00 0.00E+00±0.00E+00 2.18E-188±0.00E+00 0.00E+00±0.00E+00

F4 50 1.16E-37±6.77E-73 0.00E+00±0.00E+00 1.86E-296±0.00E+00 0.00E+00±0.00E+00 1.33E-180±0.00E+00 0.00E+00±0.00E+00
70 1,32E-37±1.22E-72 0.00E+00±0.00E+00 4.13E-57±1.19E-17 0.00E+00±0.00E+00 9.60E-189±0.00E+00 0.00E+00±0.00E+00
30 9.12E-06±3.55E-10 6.08E-07±2.53E-10 1,79E-09±3.86E-17 5.71E-07±2.95E-10 6.76E-06±6.09E-11 1.22E-10±4.41E-19

F5 50 2.08E-05±2.06E-09 7.58E-06±1.39E-10 2.26E-07±2.35E-12 6.11E-06±1.97E-10 6.49E-06±3.22E-08 1.82 E-08±l .63 E-l 4
70 2.19E-05±4.40E-09 8.77E-06±5.79E-10 2.41 E-06±2.83E-10 1.89E-05±6.49E-09 3.22E-06±6.60E-09 2.27E-06±3.40E-10
30 1.32E-11±6.14E-22 4.56E-12±1.45E-22 6.52E-09±2.81E-16 9.64E-12±5.48E-22 5.92E-ll±l.llE-20 6.16E-34±3.53E-66

F6 50 1.23 E-08± 1.87E-15 1.11 E-09±6.45E-18 1.71E-09±1.43E-14 2.79E-09±9.28E-17 3.59E-09±1.32E-14 9.88E-19±3.98E-35
70 2.04E-08±2.99E-15 1.23 E-08±3.52E-15 1.18E-08±1.60E-14 1.31 E-08±3.47E-15 2.25E-07±6.74E-13 4.35E-17±1.19E-31
30 1.15E-77±3.99E-153 0.00E+00±0.00E+00 1.19E-265±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00

F7 50 1.41 E-86±6.67E-171 0.00E+00±0.00E+00 8.29E-173±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
70 5.03E-76± 1.62E-149 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
30 9.83E-83±2.89E-163 0.00E+00±0.00E+00 1.3 8E-175±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 O.OOE+OOiO.OOE+OO

F8 50 8.80E-72±3.87E-141 0.00E+00±0.00E+00 7.49E-78±2.81E-153 0.00E+00±0.00E+00 0.00E+00±0.00E+00 O.OOE+OOiO.OOE+OO
70 4.54E-69± 1.44E-135 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 O.OOE+OOiO.OOE+OO
30 2.42E-44± 1.75E-86 0.00E+00±0.00E+00 4.62E-74±6.42E-146 0.00E+00±0.00E+00 1.91E-307±0.00E+00 0.00E+00±0.00E+00

F9 50 7.72E-46±2.95E-89 0.00E+00±0.00E+00 4.26E-135±9.08E-268 0.00E+00±0.00E+00 4.18E-292±0.00E+00 0.00E+00±0.00E+00
70 5.70E-34±2.11E-65 0.00E+00±0.00E+00 1.61E-76±1.82E-150 0.00E+00±0.00E+00 2.78E-294±0.00E+00 0.00E+00±0.00E+00
30 1.79E-04±3.49E-08 1.05E-04±5.03E-09 8.86E-05±5.43E-09 2.15E-04±3.24E-08 1.06E-04±8.64E-09 4.87E-06±6.04E-09

F10 50 2.3 6E-04± 1.86E-07 7.19E-05±1.18E-08 4.53E-05±5.30E-09 9.29E-05±1.69E-08 9.70E-05±1.67E-08 2.51E-06±1.59E-09
70 2,29E-04±3.63E-08 1.10E-04±1.04E-08 9.27E-05±6.1 IE-09 1.3 7E-04± 1.74E-08 1,23E-04±9.66E-09 2.97E-06±7.82E-10
30 6.55E-57±9.22E-112 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 3.28E-318±0.00E+00 0.00E+00±0.00E+00

F ll 50 6.80E-65±2.30E-127 0.00E+00±0.00E+00 5.25E-320±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
70 1,42E-77± 1.42E-152 0.00E+00±0.00E+00 1.30E-168±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
30 9.50E=12±2.35E-22 2.27E-12±1.88E-23 1.23E-12±3.02E-15 2.88E-12±5.01E-21 1.03E-12±1.23E-19 5.19E-30±7.89E-58

F12 50 3.66E-09±1.56E-16 1.36E-09±1.05E-17 4.88E-10±4.09E-18 3.52E-09±2.03E-16 6.49E-10±1.94E-16 3.61E-17±6.53E-32
70 1.87E-08±3.78E-15 9.90E-09±8.50E-16 2.34E-10±3.35E-18 1.03E-08±1.16E-15 9.80E-09±9.14E-14 1.72E-12±2.04E-22
30 4.68E+03±5.00E+03 3.8E-04±2.26E-16 4.449E+03±3.80E+06 3.26E+03±1.33E+06 2.07E+03±3.52E+06 4.55E+02±3.01E+06

F13 50 4.89E+03±1.68E+07 4.47E-04±3.38E-07 3.84E+03±3.5 8E+07 3,40E+03±1.23E+07 2.07E+03±9.31E+06 9.86E+02±9.34E+06
70 4.89E+03±3.28E+07 9.48E-04±1.39E-05 6.88E+03±7.00E+07 3,47E+03±2.11E+07 2.42E+03±1.60E+07 1.53E+03±1.96E+07
30 7.65E-13±1.80E-24 1.69E-13±1.61E-25 7.77E-10±1.42E-17 1.37E-13±6.36E-25 8.06E-13±1.55E-24 1.03E-20±3.17E-39

F14 50 3.59E-11±7.29E-21 5.49E- 12±2.43E-20 2.07E-12±1.67E-18 9.41E-12±6.24E-20 8.84E-12±2.45E-20 1.78E-16±1.59E-30
70 8.30E-10±2.16E-17 1.32E-10±1.71E-19 8.22E-11±1.45E-19 6.72E-11±1.01E-19 8.23E-10±1.65E-17 5.77E-17±2.03E-31
30 1.80E-11±6.56E-21 4.26E-12±2.77E-22 1.31E-12±2.43E-17 1.89E-12±9.81E-24 7.91E-1 l±6.25E-20 9.66E-15±2.80E-27

F15 50 1.5 8E-09±2.59E-17 6.36E-10±3.60E-18 1.23E-10±4.06E-19 2.08E-10±4.75E-17 1.33E-10±1.04E-15 2.70E-14±3.66E-26
70 7.06E-09±4.27E-16 3.91E-09±2.36E-16 1.69E-09±5.14E-17 2.60E-09±4.68E-17 2.85E-09±4.55E-15 9.21E-15±5.69E-27
30 -1.17E+03±2.44E-14 -1.17E+03±4.66E-15 -1.17E+03±1.40E-05 -1.17E+03±2.52E-15 -1.17E+03±7.00E-14 -1.17E+03±1.27E-20

F16 50 -1.17E+03±9.39E+05 -1.17E+03±9.39E+05 -1.17E+03±9.39E+05 -1.17E+03±9.39E+05 -1.17E+03±9.39+05 -1.17E+03±9.39+05
70 -1.17E+03±1.86E+06 -1.17E+03± 1.86E+06 -1.17E+03± 1.86E+06 -1.17E+03± 1.86E+06 -1.17E+03±1.86E+06 -1.17E+03±1.86E+06
30 8.88E-16±0.00E+00 8.88E-16±0.00E+00 8.88E-16±0.00E+00 8.8 8E-16±0.00E+00 8.88E-16±0.00E+00 8.88E-16±0.00E+00

F17 50 5.32E-16±1.93E-31 5.32E-16±1.93E-31 5.32E-16±1.93E-31 5.32E-16±1.93E-31 5.32E-16±1.93E-31 5.32E-16±1.93E-31
70 3.80E-16±1.95E-31 3.80E-16±1.95E-31 3.80E-16±1.95E-31 3.80E-16±1.95E-31 3.80E-16±1.95E-31 3.80E-16±1.95E-31
30 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00

F18 50 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
70 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
30 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00

F19 50 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
70 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00 0.00E+00±0.00E+00
30 -8.12E+03±2.74E+05 -1,25E+04±2.99E-16 -9.54E+03±3.38E+06 -8.99E+03±1.57+06 -1,04E+04±3.39E+06 -1.26E+04±1.41E+06

F20 50 -4.70E+03±4.08E+07 -1,25E+04± 1.07E+07 -8.57E+03±2.55E+07 -8.86E+03±5.61E+07 -1.04E+04±8.06E+07 -1.28E+04±1.03E+07
70 -7.52E+03±7.70E+07 -1,25E+04±2.13E+07 -8.58E+03±5.45E+07 -9.52E+03±1.30E+07 -1,02E+05±1.48E+07 -1.28E+05±2.01E+07

respectively , and th e  specific  resu lts are analyzed  and  illus- than  th e  o ther fou r a lgorithm s in  so lv ing th e  F 1-F4  function
tra ted  in  F igures 2 and  16 and  T able 4. T he resu lts fu rther tes t functions. It can  b e  seen  from  F igures 6 and  7 tha t
ind ica te  th a t th e  IC S S O A  is m uch  faster and  m ore stab le  the  o ther five a lgorithm s all fa ll in to  th e  p rob lem  o f  local

VOLUME 10, 2022 96171



lEEEArcess* X.-Y. Zhang eta l.: ICSSOA Using Adaptive Weight Modification and Hybrid Strategies

(a)30-dimension situation 

FIGURE 19. Performance comparison on F3.

Iteration

(b)50-dimension situation (c)70-dimension situation

Iteration

(a)30-dimension situation 

FIGURE 20. Performance comparison on F4.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

FIGURE 21. Performance comparison on F5.

(a)30-dimension situation 

FIGURE 22. Performance comparison on F6.
(b)50-dimension situation (c)70-dimension situation

op tim um  in  the  p rocess o f  so lv ing F 5-F 6  functions, bu t the  
IC S S O A  algorithm  can  b e tte r ju m p  ou t o f the  local op tim um  
d ilem m a th rough  th e  m ixed  stra tegy  pertu rbation , and  the

so lu tion  accuracy  is b e tte r th an  th e  o ther algorithm s. In  the 
F7-F9 , the  IC S SO A  ou tperfo rm s th e  o ther five algorithm s 
bo th  in  speed  and stability , and in  th e  low -d im ensional F10,
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(a)30-dimension situation 

FIGURE 23. Performance comparison on F7.

Iteration

(b)50-dimension situation (c)70-dimension situation

Iteration

(a)30-dimension situation 

FIGURE 24. Performance comparison on F8.

Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

(a)30-dimension situation 

FIGURE 25. Performance comparison on F9.

Iteration

(b)50-dimension situation (c)70-dimension situation

(a)30-dimension situation 

FIGURE 26. Performance comparison on F10.
(b)50-dimension situation (c)70-dimension situation

th e  IC S S O A  also show s b e tte r convergence accuracy  than  
o ther a lgorithm s, bu t in  th e  h igh  d im ension , th e  IC SSO A ’s 
advantage is no t obvious. T he perfo rm ance o f IC S S O A  is

sligh tly  low er th an  th a t o f  C SSO A  in  th e  F13. In  th e  F 14-F20  
function  test, th e  convergence accuracy  o f  IC S S O A  is be tter 
than  th a t o f  th e  o ther five algorithm s. T he IC SS O A  has a
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Iteration

(a)30-dimension situation
Iteration

(b)50-dimension situation
Iteration

(c)70-dimension situation

FIGURE 27. Performance comparison on F11.

(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 28. Performance comparison on F12.

(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 29. Performance comparison on F13.

(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 30. Performance comparison on F14.

strong adaptive capab ility  in  op tim izing  sing le-peak  fu n c ­
tions or m ulti-peak  functions and can  use hybrid  strategies 
to  m ake the  a lgorithm  ju m p  out o f  th e  cu rren t loca l op tim al 
so lu tio n ’s d ilem m a to  ob ta in  h igher convergence accuracy.

T he c ro ss-sec tional experim en ts are com pared  using four 
d ifferen t SI a lgorithm s fo r 20 tes t functions, w h ich  are 
run  30 tim es under the  sam e tes t env ironm ent, resp ec­
tively, and  th e  specific  resu lts are analyzed  and ob ta ined  in
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TABLE 5. Horizontally experimental results of fixed dimensions.

ICSSOA GWO PSO WOA ACO
MEAN±SD MEAN±SD MEAN±SD MEAN±SD MEAN±SD

30 O.OOE+OOiO.OOE+OO 9.21E-59±2.70E-116 1.77E-05±9.13E-09 1.41E-147±5.69E-293 3.11E+01±2.11E+03
FI 50 O.OOE+OOiO.OOE+OO 5.21E-44±1.79E-86 7.64E-02±4.64E-02 3.45E-147±5.97E-292 2.60E+01±2.63E+03

70 O.OOE+OOiO.OOE+OO 1.91E-36±1.88E-71 6,44E+00±3.22E+02 5.93E-146±2.13E-28 1.50E+01±7.76E+02
30 0.00E+00±0.00E+00 1,20E-34±3.04E-68 7.63E-02±1.14E-02 1.00E-102±1.50E-203 7.39E-01±6.36E-01

F2 50 0.00E+00±0.00E+00 1.79E-26±3.97E-52 8.46E-01±1.01E+00 1.44E-104±7.94E-207 8.98E-01±3.90E-01
70 0.00E+00±0.00E+00 3.08E-22±2.03E-43 2.01 E+00±7.72E+00 2.86E-99±5.74E-196 2.01E+01±9.15E+02
30 0.00E+00±0.00E+00 2.34E-14±6.18E-27 7.70E+00±1.79E+02 2.01E+04±1.77E+08 1.67E+01 ±2.82E+02

F3 50 0.00E+00±0.00E+00 1.04E-06±8.3 6E-12 5.14E+02±3.33 E+05 7.72E+04±4.78E+09 1.64E+01 ±6.14E+02
70 0.00E+00±0.00E+00 1.07E-02±2.25E-03 1.87E+03±6.19E+06 1.42E+05±2.87E+10 2.01E+01±9.15E+02
30 O.OOE+OOiO.OOE+OO 2.03E-14±1.05E-27 5.76E-01±1.06E-01 4.63E+01 ±9.72E+02 3.86E+00±9.78E+00

F4 50 O.OOE+OOiO.OOE+OO 1.15E-09±8.91E-18 3.5 0E+00±8.91E+00 4.05E+01±1.51E+03 5.08E+00±2.36E+01
70 O.OOE+OOiO.OOE+OO 2.88E-06±1.85E-10 4.76E+00±3.22E+01 2.96E+01±1.44E+03 4.25E+00± 1.20E+00
30 1.22E-10±4.41E-19 2.64E+01±7.21E-01 3.79E+01±6.59E+02 2.70E+01±1.76E-01 2.43E+02±1.44E+03

F5 50 1.82E-08±1.63E-14 2.83E+01±5.46E+02 1.14E+02±2.99E+04 2.85E+01±5.52E+02 4.02E+02±2.36E+03
70 2.27E-06±3.40E-10 2.88E+01±1.12E+03 2.32E+02± 1.00E+05 2.89E+01±1.13E+03 4.80E+02±4.08E+03
30 6.16E-34±3.53E-66 6.51E-01±2.12E-01 4.45E-07±4.55E-12 5.69E-02±4.49E-03 3.07E+01±2.59E+03

F6 50 9.88E-19±3.98E-35 1.42E+00±1.59E+00 8.69E-02±9.26E-02 2.51E-01±8.14E-02 2.45E+00±2.48E+03
70 4.35E-17±1.19E-31 2.05E+00±5.86E+00 4.55E+00±1.35E+02 3.87E-01±2.83E-01 1.62E+01 ±4.10E+02
30 0.00E+00±0.00E+00 5.92E-194±0.00E+00 1.91 E-83±6.46E-165 4.69E-215±0.00E+00 1,76E-03±7.33E-06

F7 50 0.00E+00±0.00E+00 5.69E-187±0.00E+00 1.00E-47±5.00E-93 1.83E-216±0.00E+00 2.27E-03±1.50E-05
70 0.00E+00±0.00E+00 2.02E-172±0.00E+00 1.90E-42±1.91E-82 9.12E-214±0.00E+00 1.85E-03±8.29E-06
30 0.00E+00±0.00E+00 8.09E-61±1.56E-120 8.17E-09±1.61E-15 1.61E-151 ±7.70E-301 8.51E-02±2.81E-02

F8 50 0.00E+00±0.00E+00 2.85E-45±3.71E-89 6.24E-02±4.88E-02 6.64E-150±2.20E-297 6.62E-02±7.02E-03
70 0.00E+00±0.00E+00 2.61 E-37±3.74E-73 4.61E-01±1.86E+00 4.36E-148±1.32E-293 7.08E-02±7.17E-03
30 0.00E+00±0.00E+00 3.14E-19±4.10E-3 7 5.55E-02± 1.80E-02 4.51E+02±6.89E+03 2.15E-01±1.89E-01

F9 50 O.OOE+OOiO.OOE+OO 5.95E-08±4.85E-14 1.50E+01±2.62E+02 5.18E+02±1.94E+05 7.34E-02±1.21E-02
70 O.OOE+OOiO.OOE+OO 8.53 E-04±7.19E-06 9.91E+01±1.52E+04 5.13E+02±3.70E+05 1.76E-01±7.38E-02
30 4.87E-06±6.04E-09 6.78E-04±1.46E-07 1.90E-02±9.83E-05 1.70E-03±5.01E-06 1.31 E-0 l±4.27E-03

F10 50 2.51E-06±1.59E-09 8.58E-04±9.26E-07 3,69E-02±1.24E-03 1.33E-03±5.63E-06 1.25E-01±4.21E-03
70 2.97E-06±7.82E-10 8.04E-04±1.63E-07 1.88E-02±6.00E-05 1.89E-03±8.98E-06 1.46E-01±4.08E-03
30 O.OOE+OOiO.OOE+OO 4.26E-06±1.87E-11 2.01 E-03±2.88E-05 7.15E-07±2.37E-12 2.40E+03±8.87E+05

F ll 50 0.00E+00±0.00E+00 4.47E-06±7.69E-11 1.05E-01±6.87E-02 5.69E-09±1.58E-15 4.51E+03±2.05E+07
70 0.00E+00±0.00E+00 4.90E-06±1.26E-10 9.88E-01±5.03E+00 1.17E-22±8.05E-43 5.90E+03±6.53E+07
30 5.19E-30±7.89E-58 1.13E+00±3.40E-02 2.23E+00±2.68E+00 1.76E-01±4.50E-02 5.62E+02±9.56E-03

F12 50 3.61E-17±6.53E-32 1.49E+00± 1.54E+00 4.20E+00±1.78E+01 2.99E-01±9.93E-02 1.06E+01±2.94E-02
70 1.72E-12±2.04E-22 1.73E+00±4.09E+00 4.85E+00±3.96E+01 3.13E-01±2.20E-01 1.5 8E+0 l±7.27E-02
30 4.55E+02±3.01E+06 6.34E+03±4.50E+05 6.06E+03±6.95E+05 1.1 lE+03±2.44E+06 4.62E+03±5.28E+06

F13 50 9.86E+02±9.34E+06 7.02E+03±3.42E+07 6.06E+03±2.60E+07 1.13E+03±4.74E+06 5.65E+03±2.44E+07
70 1.53E+03±1.96E+07 7.34E+03±7.40E+07 6.43E+03±5.70E+07 1.15E+03±6.15E+06 7.45E+03±5.34E+07
30 1.03E-20±3.17E-39 4.43E-02±4.35E-04 1.24E-01±5.59E-02 7.64E-03±5.1 IE-05 8.37E+00±3.52E+01

F14 50 1.78E-16±1.59E-30 4.74E-02±2.14E-03 5.14E-01±8.13E-01 6.01E-03±3.87E-05 7.67E+00±2.99E+00
70 5.77E-17±2.03E-31 6.16E-02±6.04E-03 1.17E+00±2.72E+00 6.37E-03±1.33E-04 7.96E+00±7.13E+00
30 9.66E-15±2.80E-27 4.87E-01±2.65E-02 1.68E-01±2.21E-01 1.78E-01±2.56E-02 3.57E-01±3.32E-01

F15 50 2.70E-14±3.66E-26 1.06E+00±8.55E-01 5.52E+00±4.55E+01 3.40E-01±1.30E-01 9.71E-01±2.43E+00
70 9.21E-15±5.69E-27 1.51 E+00±3.16E+00 1.43E+01±4.13E+02 4.06E-01±3.35E-01 9.19E+02±2.40E+07
30 -1.17E+03±1.27E-20 -1.04E+03±2.52E+03 -1.03E+03±7.63E+02 -1.17E+03± 1.76E-06 -4.33E+01±5.22E-29

F16 50 -1.17E+03±9.39+05 -9.84E+02±6.62E+05 -9.79E+02±6.65E+05 -1.17E+03±9.39E+05 -4.33E+01±5.22E-29
70 -1.17E+03±1.86E+06 -9.28E+02± 1.17E+06 -8.80E+02±1.13E+06 -1.17E+03±1.86E+06 -4.33E+01±8.96E-04
30 8.88E-16±0.00E+00 1.50E-14±6.09E-30 1.70E+00±3.76E-01 3.25E-15±4.64E-30 5.89E+00±1.26E+01

F17 50 5.32E-16±1.93E-31 2.02E-14±2.89E-28 1.70E+00±2.11E+00 2.30E-15±7.79E-30 5.81E+00±7.15E+00
70 3.80E-16±1.95E-31 2.27E-14±7.17E-28 1.59E+00±3.64E+00 2.10E-15±9.19E-30 5.12E+00± 1.5 7E+01
30 0.00E+00±0.00E+00 1.17E-03±2.52E-05 1.92E-02±7.62E-04 1.37E-02±8.80E-04 9.83E-01±5.70E-01

F18 50 0.00E+00±0.00E+00 2.49E-03±6.19E-05 1.06E-01±1.88E-02 5.52E-03±4.92E-04 8.14E-01±6.72E-01
70 0.00E+00±0.00E+00 1.45E-04±1.48E-06 3.84E-01±2.79E-01 2.20E-03±3.39E-04 7.06E-01±4.32E-01
30 0.00E+00±0.00E+00 3.65E-01±1.93E+00 5.21E+01±2.97E+02 0.00E+00±0.00E+00 2.07E+02±3.43E+00

F19 50 0.00E+00±0.00E+00 5.07E-01±1.88E+00 5.60E+01±2.50E+00 0.00E+00±0.00E+00 2.14E+02±2.89E+00
70 0.00E+00±0.00E+00 3.14E-01±1.63E+00 5.65E+01 ±4.49E+03 3.24E-15±7.38E-28 1.5 5E+02± 1.71 E+00
30 -1.26E+04±1.41E+06 -6.3 lE+03±6.18E+05 -6.39E+03±9.08E+05 -1.07E+04±3.09E+06 -2.12E+02± 1.19E+03

F20 50 -1.28E+04±1.03E+07 -5.53E+03±2.18E+07 -6.25E+03±2.77E+07 -1.18E+04±9.74E+07 -2.13E+02±2.72E+03
70 -1.28E+05±2.01E+07 -5.05E+03±3.56E+07 -6.30E+03±5.52E+07 -1.12E+04±1.76E+08 -2.21E+02±4.57E+03

F igures 17 and 31 and  T able 5. In  th e  F1-F 4 , F 7-F9 , and F11 can  find  th e  op tim al so lu tion . In  th e  F 5-F6 , all a lgorithm s fall
functions, th e  IC SSO A  ou tperfo rm s th e  o ther fou r a lgorithm s in to  th e  local op tim um  at the  early  stage, bu t th e  IC SSO A  can
in  term s o f convergence accuracy  and  convergence speed  and  get rid  o f  th e  loca l op tim um  d ilem m a by  th e  hybrid  policy
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TABLE 6. Wilcoxon test results of the experimental results fixed dimensions.

SSA CSSOA ISSA(a) CASSA ISSAfb) ICSSOA GWO PSO WOA ACO
W R W R W R W R W R R W R W R W R W R

30 + 7 = 1 = 1 = 1 = 1 1 + 8 + 9 + 6 + 10
FI 50 + 7 = 1 + 6 = 1 = 1 1 + 8 + 9 + 5 + 10

70 + 7 = 1 = 1 = 1 = 1 1 + 8 + 9 + 6 + 10
30 + 7 = 1 + 5 = 1 + 4 1 + 8 + 9 + 6 + 10

F2 50 + 7 = 1 + 6 = 1 + 4 1 + 8 + 9 + 5 + 10
70 + 7 = 1 + 5 = 1 + 4 1 + 8 + 9 + 6 + 10
30 + 6 = 1 + 5 = 1 = 1 1 + 7 + 8 + 9 + 10

F3 50 + 6 = 1 = 1 = 1 = 1 1 + 7 + 8 + 10 + 9
70 + 6 = 1 = 1 = 1 = 1 1 + 7 + 8 + 10 + 9
30 + 6 = 1 + 4 = 1 + 5 1 + 7 + 8 + 10 + 9

F4 50 + 6 = 1 + 4 = 1 + 5 1 + 7 + 8 + 9 + 10
70 + 6 = 1 + 5 = 1 + 4 1 + 7 + 9 + 10 + 8
30 + 6 + 4 + 2 = 3 + 5 1 + 7 + 9 + 8 + 10

F5 50 + 6 + 5 + 2 + 3 + 4 1 + 7 + 9 + 8 + 10
70 + 6 + 4 + 2 + 5 + 3 1 + 7 + 9 + 8 + 10
30 + 4 + 2 + 6 + 3 + 5 1 + 9 + 7 + 8 + 10

F6 50 + 6 + 2 + 5 + 3 + 4 1 + 9 + 7 + 8 + 10
70 + 5 + 3 + 2 + 4 + 6 1 + 8 + 9 + 7 + 10
30 + 9 = 1 + 5 = 1 = 1 1 + 7 + 8 + 6 + 10

F7 50 + 8 = 1 + 7 = 1 = 1 1 + 6 + 9 + 5 + 10
70 + 8 = 1 = 1 = 1 = 1 1 + 7 + 9 + 6 + 10
30 + 7 = 1 + 5 = 1 = 1 1 + 8 + 9 + 6 + 10

F8 50 + 7 = 1 + 6 = 1 = 1 1 + 8 + 10 + 5 + 9
70 + 7 = 1 = 1 = 1 = 1 1 + 8 + 9 + 6 + 10
30 + 6 = 1 + 5 = 1 + 4 1 + 7 + 8 + 10 + 9

F9 50 + 6 = 1 + 5 = 1 + 4 1 + 7 + 8 + 10 + 9
70 + 6 = 1 + 5 = 1 + 4 1 + 7 + 8 + 10 + 9
30 + 6 + 4 + 2 + 4 + 5 1 + 7 + 9 + 8 + 10

F10 50 + 6 + 3 + 2 + 4 + 5 1 + 7 + 9 + 8 + 10
70 + 6 + 3 + 2 + 5 + 4 1 + 7 + 9 + 8 + 10
30 + 6 = 1 = 1 = 1 + 5 1 + 8 + 9 + 7 + 10

Fll 50 + 6 = 1 + 5 = 1 = 1 1 + 8 + 9 + 7 + 10
70 + 6 = 1 + 5 = 1 = 1 1 + 8 + 9 + 7 + 10
30 + 6 + 4 + 3 + 5 + 2 1 + 8 + 9 + 7 + 10

F12 50 + 6 + 4 + 2 + 5 + 3 1 + 8 + 9 + 7 + 10
70 + 6 + 4 + 2 + 5 + 3 1 + 8 + 9 + 7 + 10
30 + 7 - 1 + 6 + 5 + 4 2 + 10 + 9 + 3 + 8

F13 50 + 7 - 1 + 6 + 5 + 4 2 + 10 + 9 + 3 + 8
70 + 6 - 1 + 7 + 5 + 4 3 + 9 + 8 - 2 + 10
30 + 4 + 3 + 6 + 2 + 5 1 + 8 + 9 + 7 + 10

F14 50 + 6 + 3 + 2 + 5 + 4 1 + 8 + 9 + 7 + 10
70 + 6 + 4 + 3 + 2 + 5 1 + 8 + 9 + 7 + 10
30 + 5 + 4 + 2 + 3 + 6 1 + 9 + 7 + 8 + 10

F15 50 + 6 + 5 + 2 + 4 + 3 1 + 9 + 10 + 7 + 8
70 + 6 + 5 + 2 + 3 + 4 1 + 8 + 9 + 7 + 10
30 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 = 1 + 10

F16 50 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 = 1 + 10
70 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 = 1 + 10
30 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 + 7 + 10

F17 50 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 + 7 + 10
70 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 + 7 + 10
30 = 1 = 1 = 1 = 1 = 1 1 + 7 + 9 + 8 + 10

F18 50 = 1 = 1 = 1 = 1 = 1 1 + 7 + 9 + 8 + 10
70 = 1 = 1 = 1 = 1 = 1 1 + 7 + 9 + 8 + 10
30 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 = 1 + 10

F19 50 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 = 1 + 10
70 = 1 = 1 = 1 = 1 = 1 1 + 8 + 9 + 7 + 10
30 + 7 + 2 + 5 + 6 + 4 1 + 9 + 8 + 3 + 10

F20 50 + 7 + 2 + 6 + 5 + 4 1 + 9 + 8 + 3 + 10
70 + 7 + 2 + 6 + 5 + 4 1 + 9 + 8 + 3 + 10

Ave
Final

5.25
6

1.85
2

3.2
5

2.25
3

2.81
4

1.06
1

7.83
8

8.72
9

6.43
7

9.75
10

(PS: Ave is the average ranking of accuracy. Final is the final ranking)

pertu rbation , and th e  convergence accuracy  o f th e  so lu tion  
is m ore th an  15 orders o f m agn itude  h igher th an  th e  o ther 
fou r algorithm s. In  the  70 -d im ensional tes t o f  the  F13, the  
convergence accuracy  o f  the  IC SSO A  algorithm  is sligh tly  
low er th an  th a t o f  th e  W O A  algorithm . In  the  F 14-F 20 , the  
convergence accuracy  o f  IC S SO A  is m uch  h igher th an  the

o ther fou r a lgorithm s in  all cases. T he IC SSO A  is m uch  better 
than  th e  o ther four a lgorithm s in  term s o f  convergence speed  
and accuracy  and show s excellen t perfo rm ance in  30, 50, and 
70 dim ensions.

T he func tion  convergence d iag ram  show s th a t IC S SO A  
can  perfo rm  a w ide range o f  exp lo ra tion  and  in crease  the
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(a)30-dimension situation (b)50-dimension situation (c)70-dimension situation

FIGURE 31. Performance comparison on F15.

diversity  o f  op tional so lu tions by  adap tive w eighting  fac­
to rs in  th e  early  iteration . A s th e  num ber o f  iterations 
increases, IC SSO A  gradually  reduces th e  search  scope and  
conducts reg ional sm all-sca le  exp lo ita tion  to  im prove the  
so lu tion  accuracy. A t th e  sam e tim e, in  o rder to  preven t 
th e  algo rithm  from  falling  in to  th e  d ilem m a o f loca l op ti­
m um , IC SS O A  is ab le  to  ju m p  out o f th e  loca l op tim um  
b e tte r th rough  th e  hybrid  strategy, and thus find  th e  op tim al 
so lu tion .

C om paring  th e  tes t d a ta  analysis o f th e  n ine  a lgorithm s in  
th e  long itud inal experim en t and  th e  c ro ss-sec tional ex p eri­
m ent, the  IC SSO A  ou tperfo rm s the  o ther a lgorithm s in  term s 
o f  overall convergence speed  and  accuracy  o f  th e  so lu tion  
in  low  d im ensions and h igh  la titudes. B ased  on th e  function  
convergence graphs, it can  b e  observed  th a t th e  proposed  
hybrid  strategy  can  b e tte r im prove th e  ability  o f  th e  a lgorithm  
to  ju m p  ou t o f th e  local optim um .

T he W ilcoxon  tes t w as used  to  fu rther analyze  th e  ex p eri­
m en ta l resu lts . ‘+ ’ m eans tha t the  p roposed  algorithm  ou tper­
form s th e  selec ted  a lgorithm , ’- ’ m eans th a t it is th e  opposite , 
‘= ’ m eans tha t bo th  a lgorithm s get the  sam e results , and  
th e  R ank  co lum n is th e  accuracy  rank ing  o f  the ir average 
solu tions. T he specific  resu lts are analyzed  as show n in  
T able 6.

F rom  th e  d a ta  analysis in  Table 6, th e  perfo rm ance o f 
IC S S O A  is on ly  sligh tly  low er than  C SSO A  and  W O A  in  
th e  te s t o f the  F13 function , and  it ranks first in  th e  test 
o f  o ther functions, and  it ranks first in  the  overall ran k ­
ing o f 20 te s t functions, w h ich  fu rther ind icates tha t the  
perfo rm ance o f IC SSO A  is sign ifican tly  b e tte r th an  the  
o ther n ine  algorithm s. In  sum m ary, it can  be  seen  that 
th e  IC SSO A  is b e tte r th an  th e  o ther n ine  a lgorithm s in  term s 
o f  search  capability , and  has a strong adaptive capab ility  and  
robustness.

V. CONCLUSION
In  th is  paper, an  im proved  chaos sparrow  search  op tim ization  
a lgorithm , nam ely  IC SSO A , is p roposed  to  com pensate  for 
th e  shortcom ings o f the  standard  SSA  o f in su ffic ien t po p u la ­
tio n  diversity , w eak  local searchability , and easily  falling  in to

local op tim um , and IC S S O A  sign ifican tly  im proves th e  op ti­
m ization  perfo rm ance based  on th e  fo llow ing  th ree  points. 
F irst, C ubic chaotic  m apping  is u sed  in  th e  popu la tion  in itia l­
iza tion  phase to  en rich  th e  popu la tion  d iversity  and  reduce 
the  risk  o f th e  a lgorithm  falling  in to  th e  loca l optim um . 
Secondly, an  adaptive in ertia  w eighting  strategy is used  in  
the  d iscoverer location  update  stage to  expand  th e  g lobal 
search  step  in  th e  first stage and shorten  th e  loca l exp lo ita tion  
step in  th e  second  stage to  balance  the  g lobal search  and 
local exp lo ita tion  capabilities . F inally , after th e  popu la tion  
location  update , a L evy fligh t and  reverse  learn ing  hybrid  
strategy are used  to  pertu rb  th e  popu la tion  th rough  a s tochas­
tic  strategy. A  g reedy  stra tegy  is u sed  to  se lec t ind iv iduals 
w ith  h igher fitness to  im prove th e  ab ility  o f  th e  algorithm  to  
escape  from  th e  local op tim um . T he experim en ta l resu lts and 
re la ted  sta tistica l analysis show  tha t th e  IC S S O A  algorithm  
has sign ifican t advantages over th e  o ther five SSA  algorithm s 
and four d ifferen t SI op tim ization  algorithm s in  term s o f  
op tim al seeking ability, so lu tion  accuracy, and  convergence 
speed. In  th e  fu ture , w e w ill try  to  app ly  IC SSO A  to  industria l 
p rob lem s to  im prove th e  versatility  and  applicab ility  o f  this 
algorithm .
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