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Improved slime mould algorithm with multistrategy
integration and its application

LU Wanjie', CHEN Zilin’, FU Hua’, WANG Zhizhong’, WANG Jiuyang’

(1. School of Mechanical Engineering, Liaoning Technical University, Fuxin 125000, China; 2. School of Electrical and Control En-
gineering, Liaoning Technical University, Huludao 125105, China; 3. Huludao Power Supply Company, State Grid, Huludao 125000,
China)

Abstract: In order to address the disadvantages of the slime mold algorithm, such as limited adaptive ability and weak
antistagnation capability, we propose an improved slime mold algorithm with multistrategy integration. Bernoulli chaos
is used to generate the initial population, which enriches the population diversity, improves the optimization accuracy,
and enhances the convergence speed of the algorithm. A dynamic nonlinear decreasing strategy is proposed to adjust the
exploration range of slime mold individuals dynamically; this strategy coordinates and optimizes the global exploration
and local exploitation capabilities of the algorithm. By combining the early warning mechanism of the sparrow search
algorithm and refracted opposition-based learning, the foraging process of slime mold individuals is optimized, prevent-
ing the loss of high-quality individuals in the early stage and ensuring population diversity in the later stage, thereby im-
proving the overall antistagnation capability of the algorithm. Comparative optimization experiments are conducted on
benchmark functions and some CEC2017 test functions, demonstrating that the improved algorithm exhibits superior op-
timization accuracy and stability. Furthermore, the improved algorithm is used to optimize XGBoost parameters and is
applied to transformer fault diagnosis, which further verifies the effectiveness of the improved strategy and the practical-
ity of the algorithm in engineering applications.

Keywords: intelligent optimization algorithm; slime mould algorithm; sparrow search algorithm; multistrategy integra-

tion; improved slime mould algorithm; XGBoost; transformer fault diagnosis; benchmark function
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SMA (slime mould algorithm based on Bernoulli chaos
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Table 2 Optimization results of different improvement strategies

S B D=10 D=30 D=100
HARIE A bRz wIE FIE bRk wmIE CPBIE bRk

SMA  9.04x10° 3.44x10° 2.04x10°  3.26x10" 6.11x10' 235x10"  2.12x10' 2.17x10' 3.99x10°
ISMA  3.35x10° 1.50x10™" 3.16x10™°  2.68x107" 1.06x10° 7.58x107*  4.26x10”° 2.66x10° 2.06x10°

F,  BCSMA 2.16x10"" 227x10" 2.40x10°  7.67x10° 539x10° 4.03x10°  2.83x10° 3.31x10" 5.97x10"
DNSMA 9.31x10° 326x10° 2.61x10°  3.83x10 ' 592x10"' 1.77x10'  1.82x10' 2.07x10' 1.35x10°
SRSMA 5.00x10"'  9.15x10  2.63x10 ' 3.74x10"  4.30x10° 4.90x10"'  1.46x10° 1.72x10° 5.70x10""




* 1065 FITTAS, 552 22 R Rl 1) T8 280 T Rk B L %5
&ZR2
T D=10 D=30 D=100
wALE CPIE beifE wAE P ARk wAUE P bRiEE
SMA  —3.83x10° —3.50x10° 2.55x10°  —1.03x10* —9.64x10° 4.80x10° —2.82x10" -2.62x10" 1.08x10°
ISMA —4.10x10° -3.81x10° 2.40x10° -1.16x10" -1.02x10" 6.86x10° —4.09x10" -3.78x10" 5.16x10°
F, BCSMA -3.85x10° -3.65x10° 1.87x10° —1.05x10" —9.56x10° 5.17x10° —2.66x10" —2.51x10" 9.43x10’
DNSMA —3.95x10° —3.85x10° 1.39x10°  —1.02x10" —9.35x10° 4.18x10° -2.88x10" -2.66x10" 1.10x10’
SRSMA —3.60x10° —3.35x10° 1.74x10° -9.84x10° —9.08x10° 5.41x10° -3.94x10" -3.10x10" 9.39x10
SMA  629x10° 343x107 2.23x107  322x10° 7.56x10° 3.08x10°  326x10 4.00x10" 4.07x10°
ISMA 4.33x10"° 6.61x10"° 1.34x10"°  5.07x10 ' 1.05x10° 5.18x10° 2.59x10° 1.41x10" 8.78x10 "
F;, BCSMA 1.04x107 450x107 438<10°  572x10° 1.28x10° 532x10°  3.38x10' 421x10' 7.48x10°
DNSMA 1.77x10°"° 2.52x1077 3.25x107"°  2.97x10™ 1.34x10° 1.28x10°  1.90x10" 2.57x10" 5.93x10°
SRSMA 1.58x10° 1.18x10° 137x10°  1.76x10"' 3.06x10" 1.13x10'  3.36x10 ' 3.76x10 ' 3.53x10°
SMA  447x10° 1.77x10°% 130x10°*  259x10° 5.79x10° 3.60x10°  6.25x10° 7.42x10° 5.97x10
ISMA  1.93x10°  1.75x107  2.32x107  1.24x10° 2.20x10° 2.33x10°  3.32x10'  3.34x10°  2.63x10°
F, BCSMA 5.10x10° 1.28x10° 6.27x10°  3.03x10° 6.53x10° 2.48x10°  536x10° 7.47x10° 9.85x10 '
DNSMA 4.62x10° 247x10° 3.11x10°  5.10x10° 1.12x10° 3.47x10°  1.11x10° 3.82x10" 1.91x10"
SRSMA 1.67x10°% 1.59x10"' 143x10'  1.69x10° 232x10° 2.77x10 ' 9.48x10 ' 7.30x10" 2.30x10’

F2hgn i S ARSI IE T 30 IRAE 10 4E
30 4k F 100 4t T X5 B 43 sRE A R . B e
B R, SOMERE BT, SRAERS BRI Z T %,
{H ISMA B ke ik - I i S0 TERE . X
TR PR AL Fy, ISMA B85k SH00KS B Y i s,
TEAERE N 10 & 30 if, BCSMA £ 4F . 4EE
k100 BF, SRSMA 78 W & i 0K B R A e
P, FWG|A Bernoulli AT 4H 1L | fll& IR 2E T
BT 5 I 5 S 2 T RETEAS IR 48 BE ) S0 A
R TR S MERE . X T 2 e AL F,
F; } Fy, %t 1t SMA . BCSMA #l SRSMA, DNSMA
LRGN, RS AR M IR s RE A AP
PR A R RN R RO A&, B Ak S RE

AT AR E SMA 1%, 3 o — 3 W gk
SMA BIETE R A 3 H Bebn i 22 13596 AN
FEEEHR T, [H B — 3R mE Xt SMA B T+ AT B, XA
[F] 45 5 B 3 ok B0 TSR AN BE R FF . RS
3 Fh RIS 1Y ISMA 59478 10, 30 A1 100 4k F4L
K3 FAAE S Fa e AL TR ms LA 3305, 3
WE T 2 5K W @il A X A 1 SMA B33k 19 42 7 v 42
T o Forp gl A5 A 2 P 33 U TR Wk B o B 1k 1) 4 SR 4
R AR H & e 1k F F4EH, Bernoulli JR L]
IR Ak SR IR AE TRUES AL 5 4 S B ) 2 2 3 — 20
PR SR
3.3 ISMA 5H fizgi# SMA By3tEE

Ry it — 25 Bk 2 SR Wl A0 2 TR R R

2% PRBCH) TR PERE . 5 3CHK [13-15] H B4 i 9
o 7F 26 5 5 7% AOSMA (adaptive opposition slime
mould algorithm), CESMA(chaotic elite slime mould
algorithm), HSMAAOA (hybrid algorithm of slime
mould algorithm and arithmetic optimization al-
gorithm based on random opposition-based learning)
X 35 L) CEC2017 03X ek K073 0 k47 00X e
Stuy . Hoth 4l £ (CEC05. CECO06), R4
(CEC11, CEC16), & & (CEC23., CEC24, CEC25)
SR pRHC e IO 1 ek B R AN R 3 PR o
£ 3 CEC2017 Wik & #
Table 3 CEC2017 test function

PREAFR AL 4 BRERE &lE
CECO05 MF 30 [-100,100] 500
CECO06 MF 30 [-100,100] 600
CECl11 HF 30 [-100,100] 1100
CEC16 HF 30 [-100,100] 1600
CEC23 CF 30 [-100,100] 2300
CEC24 CF 30 [-100,100] 2400
CEC25 CF 30 [-100,100] 2500

CEC2017 I3 ok i HAT 1 2 J5) 3B e pIL it
BIEIR A Z G AL e Ay 1) Z B850 bR
B, B AT T R AU i R e, X
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20 A3 pR EICH B T BRAR T e AR R =22 (8] B B A
RE 77, 3 2k 458 0 ) 3 A A e 44 3R AR 42 Jmy e L A
WAL 30, ZHE SRRy 50, AR IRECh
500, 555 7E N A5~ T ok B 40 0 HEAT 30 YR T,
ZERWK A PR, & 405, ISMA BiEfEZL
W TR A IR A RE R TR TR RE I8 B BT AL
o 5HAD 3 ARG R A AR LG, ISMA A F
HERI IR AL AR AR AR S W8 3 S A T,
P A A B B et . FE R R AR 1L
I, 77 SMA . AOSMA LI X HSMAAOA B 11
KNI B, ISMA IR B Bernoulli J& 1 7 1]
HATRVRER) 05 Ak, AT A g =X, % 0y AR
BE A s), Wk TR RE Z e . MR Y
Bf, AOSMA ., CESMA 43 B 7E AR B 75 3h )5 U

T A 3E N R 2 RSB R a4 2], HITE H S Y
H| W7 SR B R s 07 o 1o R v 2 ) B A e A AL
FEFE B [R] 52 24 LA Fr i in, HSMAAOA 51 A
AOA 5575 3¢ vk 151 22 5% Wi 5 4 A T 2 W B 3 i
R RAR T, HE SRR NI KRR ), fEAEE
AR LB 12 1) ) AL, TSMA 3 3 2 25 Al 4k 2 3o Vs R
W H 15 B 35 S8k, AE AN BB ] &2 2% B I AR
T, PMESEE REIT R S5 &R R T, Mlkst
PR PR T o AR SR I, AR R Y R R A o
BB 00 2 B A A O BEBLA B AR Y
775, M AT g U BT A 3 2, ISMA 5 AR
T L B AT 5 I w24 2, w3 B Ok O R A
B9, e I A T G 1) 2 > B 5 R B R R R S A
fHHEIREET] .

F4 TEBH SMA HixFMHTLE
Table 4 Optimization results of different improved SMA

. SMA% ISMA% AOSMAR = CESMA% HSMAAOAR
P FHE haiE PEME AeifE FBIME A SEEME AR SEEME bRfEE
CEC05 6.07x10° 3.01x10'  5.80x10° 2.50x10'  6.07x10° 4.10x10'  5.89x10° 2.63x10'  5.96x10° 3.66x10'
CEC06 6.33x10° 1.52x10'  6.26x10° 6.74x10"  633x10° 1.32x10'  6.26x10° 7.11x10°  6.29x10° 8.70x10’
CEC11 126x10° 7.16x10'  1.21x10° 3.33x10'  5.92x10° 9.67x10°  1.28x10° 3.80x10'  1.28x10° 6.59x10'
CEC16 248x10° 2.84x10°  2.41x10° 2.74x10°  2.46x10° 420x10°  2.41x10° 2.53x10°  2.50x10° 3.81x10
CEC23 278x10° 1.87x10'  2.75x10° 1.73x10'  3.49x10° 7.59x10'  2.75x10° 2.53x10'  2.75x10° 2.47x10'
CEC24 295x10° 3.10x10'  2.94x10° 3.14x10'  3.69x10° 7.42x10'  2.95x10° 3.11x10'  2.94x10° 3.58x10'
CEC25 293x10° 1.98x10"  2.89x10° 1.38x10'  2.92x10° 4.47x10°  2.90x10° 1.40x10'  2.89x10° 9.67x10 '

4 & EBWIED B LR

e Bopb BE £ 7H" (extreme gradient boosting,
XGBoost) Lh53ZE nl IH# CART by 432 8%, FIH
R R 2] A B RYE BAE B A 258, P
1932k B o R Y, Mo st T g ™
FEZ BN o W B KB max_depth, %
A1 2% BHAL R FE L 1) subsample , AU L1 1F 4k
BT RE o BUE L2 IENLAEST R B 20, 1E
I PSO, MPA , SMA , ISMA & 370 5%t ik S5
AT AL, F)H AR He 2% 28 2% 9 v ¥ i AR B0
AT AR R A 2 W SE 5, S ISMA A Y T
RS HIPE
41 LWHIFEEREL

7 R A R A A I 6 29 R AR (H,
CH,v CHyv CHyv CoHy) & &¥s & A8k, Sk 5
TR AT, W AR S A A TG 7S A3 A
FHERAEAS B, iR T e 205 e 212 T2 i 9 44

fIf : CH/H, .C,H,/C,H, . C,H,/C,H,; . C,H,/(TH) .
H,/(H, + TH) . C,H,/(TH) . C,Hs/(TH) . CH./(TH) .
(CH, + C,H,)/(TH), H. v TH b B k&, {8 A (CH, +
CH, + CH, + CoHg)o A8 2 i S 2 10 434 1E 38
17 ARBEECH . AR L R BBk | IR A A
FE a6 B, 43l g 5o 0~5, AT TR
M 2w W I ES A rh BEFLIE HR 600 4% HR 4:1 1Y
LA ) 53 I R 4 T A, Wk 5 TR o

x5 HEXBESH
Table S Distribution of sample data

Wi P2 Al YIREA WRREA HEA R
EHIBAT 80 20 100
(S GEN 72 18 90
e BB 76 19 95
JRTS TR, 84 21 105

FP G A 80 20 100
iR A 88 22 110
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AL B AE Intel Core i7. 2.7 GHz. N
17 16 GB. 7t Anaconda 3 35% , F| H Python3 %
2, BH AL XGBoost S EHE 1148 FEAs il 12
Wrscdi . SCEEs R ANIE 5~9 PR

5« * CURRENBEIRID
o FLYH
A « XGBoost B fFi2 Wil
ﬂ?\ 3 * * * *
&
=
w2 &+ CHNEGEEED * * *
1 CBRED * *
0 20 40 60 80 100 120
ik

Bl 5 XGBoost I FE2 W 45 R (EHE 84.71%)

Fig.5 Fault diagnosis result of XGBoost (accuracy is

84.17%)
5r- . E';E{E * * CNERERRGED
+ PSO-XGBoost fi{f FiiiZ Witk i
4+ = * *  CHNSENNRED *
t{,j 3t et *
l‘é
=
gﬁk 2 * CHRREED * *
1 ORI * *
0 20 40 80 100 120

60
MG A

B 6 PSO-XGBoost #FEi2 Wi 45 R (T2 86.67%)
Fig. 6 Fault diagnosis result of PSO-XGBoost (accuracy is

86.67%)
5 * NIRRT
o HAH
+ MPA-XGBoost H(F# i2 Witk
4+ * * * CEIRIRD *
ia@ 3 * OEINRENRED * *
lE
R
_:KK 2k IR *
1 * GRRERIRRD * *
0 20 40 6 80 100 120

0
IR

B 7 MPA-XGBoost #FEi2 i 45 R (HH 2% 87.50%)
Fig. 7 Fault diagnosis result of MPA-XGBoost (accuracy is
87.50%)

5¢F *
o FLSH

+ SMA-XGBoost #2515
4L = * CIERIRIEID

LhRAE
[\ w2
.
.
.

—_
%
*

1 1

0 20 40 60 80 100
A HRREA

B 8 SMA-XGBoost & FE12 H7 45 R (EHHZE 90.00%)
Fig. 8 Fault diagnosis result of SMA-XGBoost (accuracy is

120

90.00%)
5F s * o MmN
o HIHH
+ ISMA-XGBoost # B 12 Wi 5 1)
4 + CERRIRD
i{j 3 * CHEREEERD * *
LE
=
ﬂr{K 2 * CIMBRIIED *
1+ CORmEEmD  *
0 20 40 60 80 100 120
DA

9 ISMA-XGBoost #[Ei2 Wi 45 R (K 94.17%)
Fig. 9 Fault diagnosis result of ISMA-XGBoost (accuracy
is 94.17%)

i1 & AT 241, ISMA-XGBoost 7% [ % it % 12 W v
X IE B AT BN R, AR BE 2 W BOR A E,
HL5 52 Wik e s o 94.17% . XGBoost, PSO-
XGBoost, MPA-XGBoost 5 SMA-XGBoost 445
AL WEE T 00l 84.17% . 86.67% . 87.50% .
90.00%. ISMA {1k J5 B 12 Wik B2 £2 F 10%,
T 22 TR T WO 1) 2 TR B3 1 X XGBoost 24K
HEAT T, ST R S BB A B A AR T2
KR

5 #XiE

AR SR 8 0 A o 6 TR R N R A AT, B
2 M il G A G R R A, 51 Bernoulli VR
WAL 4= B A RE Z A, R IR e AR L i
8RB R O UL SR AR &R S I kg J1, & R
6 T2 BIL ] 55 AT S e 1) 2 2T i A AR B AR A4
Je WG SR AL B B T, A AR T L SRS
JE o X HE E DR bR 2 & CEC2017 PR bR B0 17
ST E LG, LI EE R R ISMA £ 2ok 5 g
HA — 2 U E T AME, B X PRI SMA 45 B BL i)
5k B Y5 A S A SR AR T, A At e 2R TR R 1
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PEATAS TR 2% BB 12 W E i R 94.17%, 38 XG-
Boost R R AL TF 10%, #F—FKUET ISMA H ik
Vo S0 RE I S TR S . ARk 55 7% &
SR FHAS [ el i 5 s LA 39T 3K 31 59 58 A R4 I Ak &%
R, I ISMA 54 HoAlh T R2 SCPr n] B4R i — 25
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