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Abstract

A seagull optimization algorithm (RFSOA) that incorporates random forest decision making is
proposed to address the problems that the seagull optimization algorithm (SOA) tends to be pre-
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mature in solving optimization problems, the performance of the algorithm is too dependent on
parameters, and the accuracy of the solution is low. Firstly, in the pre-migration stage of the sea-
gull, a nonlinear decreasing parameter A is introduced to change the position of the seagull to ad-
just the global optimization capability of the algorithm and avoid the situation that the algorithm
will fall into the local optimum at the early stage of the iterative process; secondly, in the attack
stage of the seagull, the random forest idea in machine learning is introduced to consider each in-
dividual position of the seagull as a branch of any decision tree and use it to construct a decision
tree to change the position of the seagull. The spiral position update strategy or optimal Gaussian
wandering strategy is adopted when the position changes to increase the randomness of the gull
position change, and the greedy strategy is used to retain the high quality individuals, so as to im-
prove the optimization seeking accuracy. Benchmark test function and some examples of 0-1 knap-
sack problem are selected to test the performance of the algorithm. The results show that RFSOA
is more suitable for solving continuous function optimization problems with higher dimensionali-
ty and practical application problems with constraints.
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1. 3]

ZHRFERARAT R E K, 182 B e ERE R I T SRR A 0 R, ks B AR A SRR
(Particle Swarm Optimization, PSO) [1]. ff fitfL &% (Whale Optimization algorithm, WOA) [2]. I B 17 &
Ak 5% (Harris Hawks Optimization, HHO) [3]. SR AL 5% (Chimp Optimization Algorithm, ChOA)
[4] FVEN &% 5% (Marine Predators Algorithm, MPA) [5]%5 .

RS AL 572 (Seagull Optimization Algorithm, SOA) [6]/2 Hi Dhiman A1 Kumar #(3%/E 2019 F42 H [
—MET IO K AL, A EES RO R A B LI, B AT E B TR EBOR A RIS 1)
A, AHRAEIEAR G R P AR TR e . AR IR S B DL R TR RS B AR S B . A
TR GUE RS A A AR B, SRS BENERE, 18 2 S E ARG RS O SRR I R b B SO SR

BB LT —Fhih & ol Logistics VR IE 5% R 545110 HIE R t AR5 (1SOA), R
H Logistics Ry B FhE AT HI MG 10, I NIESZRIZE 7 UL AR S H A K EEM 2 R R
AR FBAE R BEAT U0, TN PR R SOR E, 72 B AU AR AL B A F B &R t A1 2 7 SRS BEAT HR8) 7 Ak
Wik, R T SRR RIS R R EE ). RYEIR[8] IR — A TR MERE RIS AR, A
o8 Y I 288 P 3 9 A0 5% A S ) A S Y 7 AT TR R, A P SR A AT R AL i 0 1 I RS AT 1 B
BUPE, MR 5y S T B A RAE /1. He [958 03 T I 1 M RS AL 4k 515 (OSOA), K
FRIERFEEOR S SOA A& G, Ho i i3 T S m) 1) 2 2] (OBL) S g , Mt 45 SRAE Wi S0 BT o
F RS AT AR . Jia H [10]55 48 tH 7 — PR EE B R A RO R A S0, R RS P AL RV 5 s
AL (TEO) L HEATIR &, K TEO Sk #ag #e A 2R it SOA Mg IS B i, AT A7 U 2 v
T SOA [JF K e

][l
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KT SR TR A FE R RE, ASCER A BEHLAR AR P 5 1 RS AR AL 57 (RFSOA)
ZEEAEEHER B, GINFERMES L A, MR m SV T 2R 2 0] 4 a8 I R BRI P s 7E X B B
FIF BERLARAR D AR, I e SR T SRS MR A FF BT AL B, A7 B AR b o A2 R TR e 5 397 v 40 B AT L33
FE RN, RS A B OB I BENLE, S R DO SRS IR B BN, AT i A TR
2. tRAEE RS EE

TN AT BRI S, EEUSENAN, EER A ERITIRMBEEY .

H BEWIZ AT TSty , e 8w OB T 4858 8= R YR IR N T3k
FEAERBEE MM — AN X2 A — XA TR, EiEfnE, s 2L, i iEst
B, & REEATAR AT EEANE, PLEE il B2 0] R AEMRE. £ #kd, &8 -1 eENET
W], FEAMERSERSEIE XN T RBEs), W SEE &AL 8 RN, RS ST FY, fFiX
ST, BIIEHARIA B 2 B SR e kAR [11].

21, EHEERER)

TERATIE RN, FyEBRAL T8 A RS AR N — M B R B ) — MU B . fEIX— g2,
WERS L% 2 = AN

1) BEehbfE. AT BS540 E AR AL, ZEVRE R — AN R A RTINS AL
BRI

C.(t)=AxP (1) €
CJU%ﬁﬁ%ﬂﬁﬁﬁ%ﬁiﬁﬁﬁ%Mﬁ@ﬁm%%%ﬁﬁJﬂw%ﬁﬁ@ﬁ%%ﬁ%ﬁﬁ&%ﬁ
METIEAR, A RRRS IR e R 2 MBS AT N .

A = fc _t x ( fc/MaXiteration ) (2)
f, AT DA R R A BEIEAIRE OB T R AR SO, B RME M 2 ZePERERE] 0.

2) BRI E R il T SEA T AR AR R A BRI R 2 S, RS TR — N EE

AAXT MR B W), ARG 5HE HLATAb  5 # 80

M, (t)=Bx (R, (t)- R (1)) ®)
M, (t) RR TG LB R AL B TTEM T M), B & 0157 P47 4 R Al R 4 R A BE AL
B:2><A2><rd (@)

r, F2[0, 1175 1 B ALEL .

3) SETEAERIE: MUERS RN B S AR R A B B SR i B 3 AR B B 2 R,
kA1 %7 AT RS SN, T A7 B R A 42

D, (t) =|C, (t)+ M, (1)| ®)

D, (t) AL MRS 7 B AR 08 B B S AR T B RS
2.2. BH(EHER)

RS 7 S A0 o R o 0 i 0 (R T B, AT A B R AN R AR AR . AT R T
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X =rxcos(6)
y =rxsin(6) ©)
Z=rx0

r=uxe®

Horpr REAMEHER AR, 0 2[0, 2n]u R N IR A B . u A1 v 2R IR A SR 4L, e 2 HARXTHL
M JREL
P.(t)=P,(t)+ D, (t)xxxyxz 7)

P, (t) A2 RS f e 7 B
LR P, AT B AR S5 RS T B TR -
P.(t) =P, (t)+[Bx PR, (t)—(B—A)xP, (1) xxx yxz (8)
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¥ A BEREAELNE S, B A (9)HA:
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Figure 1. Variation curve of parameter A with the number of iterations
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3.2. ETHEALARMEIALE EHT

BEBLAR ARV T K FH 1) bootstrap FRFEFEASE — P 8 Bl FIBEHLRAFE, M IR I SRR A4 B L
AT S AR R IO REAR B 1 ASRAESE, A n 505 3] n MR ORI SNSRI A
KREEES A SRR, n AN RFEROERE R “FRAR” [12].

2L SIS LA SR RO R ST, S P BN LAR AL 22 A TR SRS [R) I R 4T DR 3, e e R
g,

VRN A MAECE n, FIFHP=(PR, (Py) FORBEEAA . BEAL E A TR L R n AR R
s 1, FHTR = U%I%,JRJ%T ﬁﬁ¢rﬁ§mAmﬁiﬁﬁ,ﬁ%%2{wﬁ FH
TP, =(TPyy, TPy, -+, TRy, ) Fom, AN G AAMAEEE N 1, s B A 3 A S AR EE P BR TR, TP, LA
SMRIARIANME, MEBE N - -1, o SAEEERE 1. B 2 LEFEE 3 1AL A HO Bk SRR
(19330 WS —BRIRSERI AL & 1 1 AR PSS — R B R Ems, BI A R (L0)IRBEIR SR 5 ms s x5 —
PR L5 1 v, INASAE PR R RO B SR S, BI A (10 = W BE AL AE s X B8 = ARV 5
(AR BEAT B URE SR BUE, BN AMAXS RL—AMBENLE o pe(0,1), # 0< p<0.5, WIZMARH 23 (10)
BATALE TR 5 05<p<1, WAAHARAL)BATA BT . RSN ILRBEAT IR, AW AMAA B
A IERAE IS, IR 200 SR (R B 38 AR R B 1 A

3.2.1. {UEEHRAE
a) FHRARHE SOA Btk A7 B 58 gk 47 .
P(t)=PR,(t)+ |B><Pb t)- (B—A)xPs(t)|><X><y><Z (10)

b) SR el e e 2 w7 B S
T AL E A i B R IR E R 2 —, BAR SRR . Bk, B4R
ﬁﬁ%ﬁ%%@,ﬂ%%%%ﬂ%im%ﬁ,ﬁiﬁmA%,Tuyﬁﬁﬁﬁﬁﬁﬁigﬁﬁﬁﬁ%
NIRRT 2w B AN 1 v B AL U A SR -
P, (t) = Gaussian (P, (t),7)+|B xR, (t)—(B- A)xP,(t) (11)

SR FRN
=80 (5, (1) p. 1) 12)

I FT RG] T, RS R BSE R A AENMA, AT SRR A R G [
A T A0 0 05 22 ¢ 0 58 AR P R R BT B N, ARSI, I ER AN, 7 BIEBOR,
Pl HE BA BRI A RIRRBE ) EAZENUEHIZ )G, MEEIERREIARIEM, « FEZEE,
MR EA T BRI = T A R

3.2.2. RILERRBEMBEAN

) FH 30(13) 0 W X AR VI ARIEAT 7 B AR 4 2 (R RS AN A A T 0 AR B LA v 3 AR (R A
W wi (R B T ok, B T AR SOA R B BT 2 J5 P AR IR B 5 AR I 0, AT 73 3% R e 72 T LA
A B YGRS, RIS AME A2, A BT SR AR R, KT i Rt
AR JR BB WSS TE ik H IR

(13)

{R(t) i fit(P,(t)) > fit(P. (t+1))

P (t+1) else
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Figure 2. RFSOA specific process
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4, LS ERIH
4.1. FARFHEMR

17 BLSEEG (T S LIAEE y: Windows11, CPU 2.70GHz 4b#%%, 8 GB W17, M python it 54 bid .

N T B8IE RFSOA [ITEREL S, 4% 7 4> Benchmark JE#ENIR b8 BOR MR SELIE PR RE, T f1~f4
WepRdy, fo~f7 NZ s, BMAEESITR 1o, DR FHEEVE PSO, BHEHIE GA, T AR MBI
HINERS AL I-SOA ME AN ELE % . RFSOA HIFPHEMSI R E 40, [nl I4ERE N 30, BERIEREH
500, K AT A HFIMAIEAT 30 Ik, LATHBRBSRRI R s, BRI KARHEZE TR LE, W3k 2 Fios.

Table 1. Benchmark functions

5% 1. Benchmark £85I o5 3

Bzt 5 PREAL TR R R
fl Sphere [-100, 100] 0
f2 Schwefel 2.22 [-10, 10] 0
Unimodal functions
f3 Schwefel 1.2 [-100, 100] 0
f4 Schwefel 2.21 [-100, 100] 0
5 Generalized Rastrigin [-5.12,5.12] 0
Simple Multimodal Functions 6 Ackley [-32, 32] 0
f7 Generalized Griewand [-100, 100] 0
Table 2. Comparison with other algorithm tests
2. SHMEENHII
e RFSOA SOA PSO GA I-SOA
U g kR RSB REZR O ME REX RONE O RAEE O RISE e
fl  9.16E-08 4.75E-07 3.87E+01 8.72E+01  1.51E+00 1.23E+00 5.41E+00 3.09E+00  3.30E-04 1.43E-03
f2  6.43E-09 3.69E-09 1.83E+00 1.27E+00 2.64E-01  1.40E-01  2.06E+00  1.39E+00 2.13E-04  6.40E—04
3 297E-12 8.92E-13 1.43E+05 3.06E+04  8.94E+03 2.31E+03 9.82E+03 1.65E+04 9.65E+04 2.03E+04
f4 481E-09 552E-10 4.72E+01 2.63E+01  2.09E+01  3.90E+00 6.53E+01 8.52E+00 5.72E+01 3.35E+01
5 8.56E-10 2.82E-09 1.56E+01 2.17E+01  7.99E+01 1.75E+01 9.41E+01 2.82E+01 1.28E+00 5.64E+00
f6  474E-09 347E-09 1.38E-01 5.92E-01 1.62E+00  6.97E-01  1.86E+01  5.10E-01  1.21E-05 6.47E-05
f7 154E-14 7.64E-13 175E+00 1.94E+00 9.28E-01  1.38E-01  1.25E+00  9.98E-02  4.37E-03 1.16E-02

7 2 BT LA, E4ER 30 ITEAL T, RFSOA 7EXT 7 /> Benchmark B8 %5 I 3% Hh 7 Hi Sk 14
ﬁﬁzls%z%mi‘ FEL T AR dE SOA, Uik 5 1f) RFSOA Fir 373 et i S A e Ve A ORI T, T i

Wi tl. R RS, T DLE H, RFSOA B h il e 25T & 7 H Ok 1 28R B A T2 5 6f L i)
PSO. GA J% I-SOA. [AIERH T ok 5 1) RFSOA &3 o2 A A1 A4 R 501 SR ff i il B A o8 G A 25 R

4.2.0-1 &6 ja) Bz

54,7 751 (Knapsack Problem, KP) [13] [14]/& H1 Markel A1 Hellman £ tH (1) — AN 8 (1 240 & fe A 1a) A
56,17 {5 (0-1 knapsack problem, 0-1 KP) i Ak Jy: 455 — AN n M i, BAPREE RS
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B EERAE, SEEHCNRE, GEBAMREIEAT LT, ERLYARENAET, 1
NN e

VR n A, (11 <n) SMRRES RSN Fw, SEOEEREANC, Jh, v,
W5 C MR 4 X =[x, Xy X, ] € 10,11 Fe O-1 T 4L R — M EMR IR, Hor, 4 x =10,
LR BT Mk =0, FoR i MBI, 0-1KP (MR .

max f (X ) =max ivi X, (14)
x=1
s.t. iwixi <C (15)
i=1

16 FIRRE R e, AT AN n 4E/) 0-1 [A 4R & 0-1KP B9—/NEBTEME, 40 1L 2R 464 (15) i, 4
REFR N 0-1KP I — ANl AT iR«

FIF BIN BEA LA BAE (IS A AL S (RFSOAY KT 0-1KP HEATR MR, R B LA B xot bl Hicdi 255k I8
TOCHR[15], [FIRENS BRI R B B 30, BORIE ISR E Dy 200, BEMALIEATIRECH 20.

H e 3 MHAKZE LT LAE H, RFSOA 15t 0-1KP [l @A B b ISR AR R, 106 STk ir 28 IR 2540
HFRRIE ] 100% . XF T 52 = 4E 5 1) kpd kp5 LA K kp6 =41 %4, RFSOA 3k 5 1 A ff4H Lt T BSOA
PLK BCSA R TH RIS, ML ThrnE SOA, HE M & T A mis s T 16.1%F1
20.6%. [FIULIIEE RFSOA %156t A5 20 R (1 A A vl AR it AT — s 3R TR

Table 3. Comparison of test results of algorithms on 0-1KP problems
= 3. BIETE 0-1KP E)RE_EIXEER xS b

| . - . N = =) N i}

H GRiB ) Bk wAE ZEE FIME
SOA 3051 2948 2993.5
50 BSOA 3097 2999 3026.6

Kpl 3119
(3119) BCSA 3104 2965 3015.9
RFSOA 3119 3119 3119.0
SOA 3016 2905 2987.2
50 BSOA 3083 2973 3066.4

Kp2 (3103)
BCSA 3054 2938 3006.5
RFSOA 3103 3103 3103.0
SOA 1426 1259 1295.7
60 BSOA 1463 1188 1267.1

Kp3 1563
(1563) BCSA 1496 1480 1487.2
RFSOA 1563 1563 1563.0
SOA 2337 2276 2292.4
BSOA 2379 2315 2355.4

Kpa 100

(2660) BCSA 2510 2309 2400.3
RFSOA 2660 2641 2656.9
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Continued
SOA 4539 4392 4451.8
BSOA 4875 4803 4869.4
KpS 200
(5164) BCSA 4427 4146 42853
RFSOA 5164 5128 5143.6
SOA 25,891 24,728 25036.3
BSOA 26,029 25,338 26009.7
Kot 100
(26934) BCSA 26,188 23,200 25102.4
RFSOA 26,934 26,907 26925.3
5. &RiF

N T TERFRAE SOA FAAERIE ) 8. SENEREIL TS B LB Al RS B B AR S R s, A ST

TR A B H AR SRS S A AL SV (RFSOA), B 5l NARLk eS80, BEHLARMR SR mE DL K = 7 BE AL
UiE 2B SREWE 0T SOA JEAT eheidtt, AN B8 4 PP R exed T4 R 23 [A) 42 Jm S SRl AR &R - £ %F Benchmark iR 45
PAK 0-1KP [l— R FIMR LG R 0], B 5 1 RFSOA 78X bR Hi LA J S2 bR S FH o) REHEAT SR ARt , TT LA
R A PR BT RN R R e A B, AR 258 B R IR, IR BE SRR 3 3 T 1R K4
FF, EB T RFSOA A %1k .

FERRI AR, & ik—2L5E7t SOA KITERE, JFAI SOA X N A M SEbr N AT W TT, 37
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