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Abstract

The Rime Optimization Algorithm (RIME) is a recently proposed metaheuristic algorithm inspired
by the physical growth of rime. While it features a simple structure and few parameters, RIME often
suffers from insufficient population diversity, premature convergence, and limited accuracy when
dealing with complex high-dimensional optimization problems. Therefore, researching how to im-
prove the global optimization performance of RIME through multi-strategy collaborative improve-
ment has important theoretical value and application significance. This paper proposes an im-
proved rime optimization algorithm (ACRIME) based on a multi-strategy coordination approach.
First, an attraction-repulsion mechanism is introduced during the algorithm’s search phase. By sim-
ulating the dynamic attraction and repulsion between particles, the search step size is adjusted in
real time, allowing individuals to have a wider exploration range in the early stages of the search
and achieve precise development in the later stages, thus effectively balancing the algorithm’s
global exploration and local search capabilities. Second, the algorithm is further improved by bor-
rowing the defense mechanism from the Caucasian porcupine optimization algorithm (CPO): the
random diffusion characteristics of the odor defense mechanism are used to enhance the perturba-
tion of the population, preventing the algorithm from falling into premature convergence in the
later stages of iteration; at the same time, the strong perturbation performance of the physical at-
tack mechanism is used to increase the probability of individuals escaping local optima in complex
solution spaces. The two strategies work together to optimize the growth and evolution process of
the original algorithm from two dimensions: dynamic adjustment and diversity maintenance. To
verify the performance of the improved algorithm, simulation experiments were conducted using
multiple benchmark test functions. The results show that compared with the original RIME, CPO,
and other typical optimization algorithms, the improved algorithm has significant improvements in
optimization accuracy, convergence speed, and statistical robustness. Especially in the handling of
multimodal complex functions, the algorithm exhibits excellent ability to escape local optima. The
statistical significance of the improved strategy was further demonstrated by the Wilcoxon rank-
sum test, which verifies the effectiveness of the proposed algorithm in solving complex optimization
tasks.
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T, ARG ITFARMEAE R T AR EBITE BB R Joa RREIEFNA R E G R MR S H L &N
HAEGI, BN T RO AR RN AR RS R BORIEMIAN R, X REEEZ AU (1) #RE
1 AFEEL R (GA) [1]. Z 4 #HK(DE) [2] Y7 ZHFE & B G SRS (CMA-ES) [3] oAk - PEESR
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(WOA) [7] R L H v (FOA) [8]- M EL I E i1k (HHO) [9]- &4 18 575 (SMA) [10]. #E 884 4k 2% (PO) [11]-
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IKEERERLIE(SSA) [12]. YUkIF A& AE R (HGS) [13]; (3) #E:T AFATNRIES:: WA R 1k(GSO) [14].
ANKIL IR (HMO) [15]5 (4) ZETPEREPEE: WEMRAFILRIME) [16]. /KIEHHIL(WCA)
[17]. EATEE B E A, AR AR M F AR AT TR T 2 FEM L

TEIXSE R, I FIA(RIME) 2 —FhEOE M8 Fvk . el 7 A K fe, Aags
FATET A BTSRRI . BRI, IR “WH RBMTE” EETE, WA MR R AR
RIME 7EACFEAR R AT 550, MR T —sedb ik . ok, ERREN, SR te™
N, SHEASWERBRME “FEAR” BHAK. IR, BF “KEEIRER” M /Mo E R
AR Z A P AT RS, SR % . X PR EAREARE, BARERBEE. B
SR HT I 72 2200 51N — Lo S s Sk 5 RIME, (HAEAE HGE R T R B EAMERT, %A MR A _Efi#
W) Z AR G AU IR 2 M 0F )G o DG, el Lk SRR 5 A AR R BE R R TG Bk PR, REASHEDE
AR, AR E T R A A R P 3 25

Ebx G RIME SEAFAE M IR GREG, A SCHR 7 — Bl FI5] B 5 2 5% 0 SOk (1 55 i 01k
(ACRIME). A3CH) 3 B o ERAAILAE LR LA 71 -

(1) SIS B FRHLE], s R I 3h A 5] 15 R 1R Rk AT 20K, DUk R E R
Ji RIME BETEH RN 2 RIRR AL T, W CRFh I e DU 7 o5 il 2 8] o

(2) T RIME s i 5 il B ik Tl i i, ASCRE VAL & 1 e 220 TR 515 (CPO) H 1Y)
AR BE B A E I LR, R SRS B BE LS NSRSl I A B T ) i e S e AR 4 5 BV )
TERKEFE, T RS 45 i i) AL

(3) MBI IX RS P FEIEH, 1673 ACRIME SLEREW S SABHERER SRR R, WA F#7
Tt T EVEN AR SRR S Gt B

RCHEFRFTENTZH T BN A S IR (RIME) S AL BB T 5t 6=
TR ACRIME S B AR . SO SR (1) B sl e LB fe s 26 DU S 7E A CEC2017 &
AR bR B B AT 05 B nG, FF 5 2R EREIREIAT I LT B8 AL RN A SO A T AR T M A
I8 AR 1 727 )

2. HEXIBEILHEIR
RIME &%

FMAUHIE(RIME)Z Su S5 A [1613 3R 1 1 — Mol A SR . e RIBORIR T H AR, Bl 7%
TR KBV FFAED AR T 45 UK B (R 20 ) A R o 72 SR AU, SRR A K — e, 1EfR
25 (] N AN T 2 SE R A B2 H A o

RIME 50i: 3 SR EE P M AZ oL SR IZ AT -

1. BRI (Soft Rime Search): T Z MR, FOTKMEREM “HIN” , BHREERR B ERM
B AV -

2. BEFAEERI(Hard Rime Puncture): i SR (E B AR @ R VIR IR, JFRBISIEREH “4t
WA (R s LREB) -

FERMIERI B, S T /KIORL T B I e A Bk K R . Tk, KVORL T — IR AR DY b SR
B, —HERCAHEMm, PRI EE. BEEPOMBHEOR, e TR T I B ) tUBR 5% . A
o, RIAERS, B A TRAEK, TR BRI E T k. RRREFIENITHKZRKE,
B R T REIRS . BTSRRI AR (Q) Q)FR.
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RI™ =R+ RE%(1( By ~ B )+ B ) < E &
Rf =1, xcos@x 8 )

Fob R 2 BRSSPSR IR E, Ry, R SRR T IOR R B BRI E[-1, 112 M
BEBLEL B S, Sk AR, A s b RS . h A F[O, 1]
2 A BEHLAA.

f=n OT @)

paae| 7o @
E= YT (5)

FERRE)H, T 73R L ANEARE FGERIRE . ARG, [ | Tl il BEIE
FIE S w R R 8, LU E D9 5; B WZRIR AL T3l B a5 SR 7 B $OF A L B O

FEREHR AT, 5 PUSZI T FEORE IR A A R 22 LR BT BP0 A S PSR 300 OR. (4 52
KB BRAN, R O s R IE B ) B R R . 4, BT AT AR, BERRR A S IR 2 AL
NG . ot BEEZHMAR, FRIPIRSTEIMAE . K, A% RSN T LB ki 1, $2
CRPREIEL G € {6 ST ISV [

Rnew R r.3 < Fnormr (SI) (6)

best, j !

Horfr, B (S, ) SRR L, PR 24 A9 2 AT B 2 0 (A% 5 v UABLAE 2 190 FI B LA
3. ACRIME &3

3.1. AROA EiZiiiR

W51 - HEF A4k 5% (Attraction-Repulsion Optimization Algorithm, AROA) /& i Cymerys 11 Oszust [18]
T 2024 FREH PR TR R A R A . BB B, AR S R R 5L 2 A B 5| S R R
%, BRI AN T 4R % (Exploration) 5 FF & (Exploitation) Ll »

AROA A% OMLEIAE T HARF W 5] - HERT, 57 MR (517 g 004k P A A 10 5 ok o s
HFFTT I XT A, 2B BIRER G R [F) & n, 58 SUR

=30 (5 =) (0 ) () ™

Hrp, k RREIEZEUBEEE, P KRET, o, ZFSHENMEZEKEE, d,,, 2R
TEEET . | BRECH T PPk 28 SRR 2 e 77 0 ﬂfrﬁ/\ﬁﬁ.
d1,1 d1,2 dl,n

po|® %a G ®

dz(xi,xj):Z(xik—x?)2 9)
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fes, . — N
k :Ml—%J~nJ+l (11)
I(d,; ,cjlim):l—ddL (12)

i,max

LAk, ﬁrrﬂl%liﬁls(fi,f,-)‘é%%?ﬁ)%ﬁ(%ﬁ%lﬁiﬂliﬁ)o FEf/ME TR R, HoE LR

L fi>f
s(fi.f;)=40, f=f (13)
-1 fi<f

B T4 TAh, AROA RSN T 4R i M 51 I by, IF 32 BARL 2 i 5 1 m (955,
PABA DR SR R ) B A S AU S . O 1R R BRI R RE D SRS RE M 2 B, AROA SRR T 2
TRIEATWZES . =M RBMEENB KRR E T o RE&, MER R A X HE 8-

X (t)=x (t=1)+n +b +r, (14)

B )i, AROA SIN T REAAEURN LT (iba i T 1 SR ) Rl T 38 82 B EE FRACAZ AL o 2 SR BE 8 s g A
PRIE N ERIRAF RS, SRR R S AZ AL MR LS i RS, T R7 1 S BN = 8 D DX 4K
SKISUER], AROA fEALHE R %I CEC el sk pR BONTEIL sk TR 2 A A 1) v SR B0 A0 o ) 5 S L 3

3.2. EERIEISIKEEFMERLE L

TS A B (Crested Porcupine Optimizer, CPO) /& Hi Abdel-Basset %5 A\ [19]F 2024 4E42 H it —Fh
BRI R ARSI EE 1 R B TR B L D AN [F) R B g B BT SR B DO A 5 48047 2 A
JB L (Sight) . T ot B (Sound) « U 7 481(Odor) LA K # BE it (Physical attack). HR#ESVE BT, ATHIFPSE
W (R B AT 58) 2 2 FH T4 SRR ER TSR B B R A7 B B IR B T S IR T KB B (Exploitation phase),
5 PE R 38 AR ) L1 J 3 DX S AT RS A A R

fE CPO Sy 1 Jay i 7 /< (Exploitation) i B, i8I B 25 BT AR #1(Scent Defense) 5431 B it (Phys-
ical Attack) BiFIHLE], BT T S50 bk 1) o 38 <3 IR DA S 43 S AR AR R B 1 e

1) SBRBHHISREE (Third Defensive Strategy)

LIRS AR AL T E AR T e SR R B, BRSO RS T AR i B A AT R . A
CPO HEIB R, X — MR PR I G A o B 8 2 i A A AR OT R 1) SR A R AT . il 1%
MU, SV RERS 7E 4% 2R 25 0] N BB 0 MR DX AT RS AAL R I, AT R TSR . LA B s Ak
LIEE

X% = (10 )%+ U, (R + 8! %% =Xy ) 7 x 8 x xS ) (15)

Horr, 3 FRBRAMECLE, U, 2 M & T RS EAE, o, r @R sy sl .
BB BRSBTS RE SON:

St =exp L (16)
I thl:lf 7(;)"‘6
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UG NAEAGIT i FE B % MR HH 38 7 P (A 28 1 O 4 S TR, T E ARAIE =3 30 T RS T F R i
HeFp R 2R

2) YyEL I 7 5K 0& (Fourth Defensive Strategy)

A e I ELA AR R, e B4R S R 0 R A A R AT BB S . CPO X — I R AN
AN e AR, HBC RN

gt+l

Xi :)?ép+(a(1—r4)+r4)x(5x)?ép—)?it)—rsxé'xytxlfi‘ an

FERA R, g, R H BRI B2 RREE S AL E), BR8P
73
L m, X(‘Zt+1_‘7it)

F =7, XT (18)

B AL ol SRS A T 58 A0S R 17 2 SR SR DR X ) TR R IR B FFEAT /NS FME I, R Rk 1 5%
IEACSIGE T, AR AR B RS 52 2% il RIS 2 B L R AR RS A

SR, CPO SE MITT A B Bl i R SRS F) BE AL 350 i % A1) B A0 o S ) I age Wie Sl ), 72
JRFRIE R SR Z AR T RAFHITA, X AEAS CPO fEAL B s 4E 20 AR AL v iy A 525 g 1k

L.
3.3. ACRIME Bk

BT FRE 55 WA AL SR (RIME) 7E 3R fiff 52 2% 2 Ve AL I BRI AP AE IR R 5T R BE I B GBS
AR A R, A SCHEH T — Rl G 2 SRS Ol I Z AL L (ACRIME) o ArifE RIME S0 A% {5 AU
H AR 5 AT SO FE PO IR A 2 UML), B RS, FRBCRE m SIS . SR, XK
HE MRS EES, ARAE RIME 48 2201 AR R 0 DL AT 1 A 2 RE v S I I ks s, 5
FEIR 24 J5 Fe Al I R IR 5

NA R FIL N A RIRR S REIFREES, A0 ACRIME FSVEHESE AT T B, W7
W5l - BRI FIE(AROA). RIME Hm L 5 et S48 Ak #5 (CPO) L IR ¥ 73 LHMEK &R . #£ ACRIME
o X SRR IR R R, TR SREL T B BORAT IME R IZ AT AL . B GEARH) SE R IR AR K
UON: B, TEJE RIME MIEORBY BCZ 1T, PREERRE T AROA [R5 ELFALH o ALl I Pk 45 3
{10 57 2 SR ) 2 R B 2 T A 38 AR PRI RS 30 ) (B 00 o AR 5| B 5 TR ARHEJR), B TR T R LR AR (]
S, KK, REJE RIME BEGRALHEIE IR R, R RRLT 18] 158 AT A S B8 15
By B, O IREEMEM I B, ARSCEINT CPO W B AT MR AL AT e A B . AR B)
AR SRS B Y B S SRS, RE R 7RI A S BATE IR A T U AT s LR B S A 8 &R
ACRIME HE ) BARRAR M N PR

Algorithm 1 ACRIME [{] #5523
Require: FIEFAURE N, WAL dim, SKNIERIRE MaxFEs, HAMMESH
Ensure: HHIHMA Xpest

1 WA REEAI B X;(i=1,2,..., N) HiHEREE, FE X

2: while it < MaxFFEs do

3 B S a;

4 fori=1to N do

5: {3IN AROA LI HEIRER}
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I S| B AL SR X, A B S S
end for
fori=1to N do
THRAMRRE R, TR U AT R Xpeo
10: end for
1 EEAK G)EH R E;
12 ORPFPEEE N BEHEAT A AL B
13: fori=1to N do
14: A ELENLEL 71, 7o
15: if vy < P (O %4F) then

16: A (1-2) AT B R AL S

17: end if

18: if 7 > P (JAEFFAMAE ) then

19: {31\ CPO ZhASBIAHHLHIHE %

20: {5 FH Bh AU SR HORN A B I T AL 1) BB 7 L
21: end if

22:  end for

23:  fori=1to N do

24: AR R N

25: ML TR T AT B AL E Xy s
26: end for

27. it =1t +1;

28: end while

29: return X .

MR ZTE FF, X R B B E A 77 308 B A B Be AL “4RZEK - JF R P47 (Exploration-
Exploitation Trade-off)” BHit. fEMRFIA, B ZAEH L% R MM, AROA 15 NHF]FHHEF B ]
MBS R T AR R (Exploration) §8 77 ; B & EARHERE,  FRAAMLARN A9 BE AL Ui A 5 14 3 ) 4 ik 17 4%
FAK: MEMREH, X RIME BERALE] 2 ) HE 0 SO . — 16k IG, CPO IR A4 4t T 2 1
JE I AR380R F 4 B BE 71 (Exploitation), KMEHET T J5 37 & B0k B 5B ARISIOEE . X “B) AR ok
EUGRE” BB B LIME, A RARIIE T BIEEE R e B A R T 1) 3 7 % 5 B
4. EWERSHH

NT RGIUFIR 5] AL LA 7k 5248 7 180 S s (B G SR 4 5 P B B ML) A R 2R RIME 5092
PERRCH A MM, AT IEEE CEC 2017 JEHEMNA R AU T — RIVR T H L. sty & E
B DA R PIAMZ O B, 8 T A SO0 VT A & e S o SR RE B T ST TR Bl R 2
s e, SIS 2 LTS SR B 5288, 4TI AE ACRIME 7 Kb FE A2 28 22 WAL A 55 1 (1 35 AL 24
WSOk FE KX Gt & ke .

4.1. EWRRE

4.1.1. BN E
ARSI R AL B 29 NI B 21 IEEE CEC2017 Al iASE (DA AT E R AL F, ), DAL 5H
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AL PRI, ZIEIRR . IR R SRS LR AE R 2R IAME T S 5 7 i g

412 BEEESIREH

AR AT, G L SE R I 7E [ — #CB £ R85 (Intel Core i7, MATLAB 2024b) Fifh47, 4i— L& F
RERURE N 30, #F(HI4ERE Jy 30 45, SRR N 300,000 Y, HAAN B EMATIZ 4T 30 YR LA KRR
Zo
4.1.3. Gt thEE

S ZE LA 30 YO ST IZAT RO AERAE 2R AT 5, FFALL 5% 5 MoK i1 Wilcoxon 745 Bk i
[20]5 Friedman #:56:[21], i ™% (035 G0 5B E Sk BE SR TH (0 50 3 1 5 Btk R ek

4.2. jHRRSCEE
AT LT A SRS IE AROA A1 CPO HLIIA Rk, LB E PUA SRR R (WL 1),

Table 1. Mechanism portfolio of ablation study variants
1 HRIS ST AMGEE AR

Brown #Li ACRIME ARIME1 CRIME RIME
5| 5 F LI (AROA) N N
SN DI EALI (CPO) N N

ST BUBIIO TR SR Wilcoxon 75 Bk o (WSRT)HER e o AMHF (L 42 2), et /="
SPBIRE ACRIME 1 % F 85 T4 b FLUA 00 B0 A

Table 2. Average rank and statistical results of different algorithms
% 2. NEEATE CEC2017 EMTHHIR S%IHER

Brown %32 HE4 (RANK) +=/- FIHEA (AVG)
ACRIME 1 ~ 1.2414
ARIME 4 26/2/1 3.2414
CRIME 2 21/7/1 2.7241
RIME 2 26/3/0 2.7241

WIS 45 5%, ACRIME KI°F¥HE4 e /N(1.2414) 4 54 4 5% — . EBAKXT L, ACRIME #E464 K
ZHRE BN TR RIME (26 B 3 °F 0 £7) LA —HLHI ARk . (ESER M, R —HLHA
NEELS SR T, X9RG JHIUEH T AROA 5 CPO HlHI 2 BfF4E &K EER . REKMNE
BHES, A ReBCRNIR B SLykdae, el MG .

4.3. EFBEE L
AT P B6AE ACRIME BIATEANEE & AT 55 I AL R e, A H 5+M ARG
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oo E R A EEIAT TIREXT LU AT, G B A5 ) RS £ L EE(DECLS) [22] &MEMEA B
TE N2 4y A B (LSHADE) [23]- P A3 A6 2% 73 i3t 4 532 (CCDE) [24] 4562 ST R 7 B0 5% (CLPSO)
[25]. HG¥% Nelder-Mead fiifa AL :(ISNMWOA) [26]. HIAL AL IE(WHRIME) [27]. 554+ 3]
W B 5 7% (CLACO) [28] I AL 2 4 it 4k 557 (WDE) [29] . ottt B e 293K H 3& B 22 4 i 4k 5 vk
(LSHADE_cnEpSi) [30]LA K 51 N Levy “&AT ) fi A0 40 532 (LWOA) [31].

4 37L& T ACRIME 5 10 Fioxf L 53 (1) Wilcoxon FRFIAL SR St 1 & Al Friedman HE4

Table 3. Wilcoxon rank-sum test and Friedman ranking of ACRIME versus comparison algorithms
%% 3. ACRIME 533t E %89 Wilcoxon #5148 & Friedman HE

B*{Eﬁ?}gn ACRIME DECLS LSHADE CCDE CLPSO ISNMWOA WHRIME CLACO WDE Li:'éggllz LWOA
+/=/- ~ 18/0/9  17/0/10  29/0/0 19/0/5 21/0/5 17/0/6 23/0/1  24/0/4  16/0/11 29/0/0

'\Ff;?{(‘ 29655 47586  4.4483 10.2069 4.6207 80345  4.6207 6.1379 55862 4.8966 8.7931

BHA 1 5 2 11 6 9 3 8 7 4 10

RIE2 3 Gt E5 B R, ACRIME [ Friedman {54 2.9655, 7E4s#B 11 Rt bh &g 8 & 4,
FETA1 5155 1) LSHADE (4.4483) 2 E 456 ) 1.4828.

£ Wilcoxon ff 5 #kkaie, ACRIME EILH TR d 1S5St BE. BAmE: 1) 4
X CCDE #1 LWOA #iy%, ACRIME 7E4x3#6 29 /NI o £ _E 3 EUS 1 R BIVE R4 e 5% (29 B 0 1); 2)
fE5 CLACO fl WDE [XTELH, 23 HIHAR 1 23 IE 1t 24 i 4 Sp )R 0n . RIS oot 14 se A i
FiHEE, ACRIME fRIRF I H S s 4. 7£5 ISNMWOA. CLPSO K DECLS 34, 7
FIERTE T 21 FE. 19 MM 18 . (HFVERMIE, XS IR LSHADE R41354K, ACRIME k4R ft
ARAFSEIL A, 2 #E 5 LSHADE 1 LSHADE_cnEpSi XL EUE T 17 Ik 5 16 MERIERSE. th4b,
1% [F )@+ RIME BSG3EHESE () WHRIME, ACRIME $&15 17 1 6 Gt — B KA T A X £ St &
U7 AR

K 1 /R T ACRIME 7Rt Sk 5007 A e i, W LA H ACRIME 1 LYE £ £ I bR
B b H AR T5 Sk R T RS R .

3500 T T T T T

3000 |- —E
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Figure 1. Convergence curves of ACRIME and comparison algorithms on CEC 2017
1. ACRIME 5xftb EiA7E CEC 2017 EAIUIERtZk

4.4. SCIINGE

A T A6 . S uE R BOMR AN T T, VRS T ACRIME Sk fE

B, THREhSZI R, S5A RS TR HLHI (AROA) 5 7 52 4% B M ML # (CPO) RS = A AR 17 i By [7] 2% R,
UEFH T 3K 3 b et SR ms X T SRE T R R AR R D

)5, 7E |IEEE CEC2017 JliA4E L5 Hofth T IR Bk il xt b sz ge M geih o0 it —2DAE W], ACRIME 5%
EETFER . GBI TRt LR .

B E 2, ACRIME FiEAUAEESHLH] BRI Fh & 24 A0k i) Rt =5 sz H
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