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Abstract

In response to the drawbacks of high computational complexity and low computational accuracy in
traditional maximum likelihood direction of arrival estimation, this paper proposes an improved
crayfish optimization algorithm (GSCOA) for maximum likelihood estimation. The introduction of a
transfer mechanism, improved sine algorithm, and integrated artificial gorilla optimizer (GTO)
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have enhanced the global exploration and local development capabilities of the crayfish algorithm,
improved the convergence performance of the crayfish optimization algorithm, and avoided falling
into local optima. The experimental results show that compared with the maximum likelihood esti-
mation algorithms based on the crayfish optimization algorithm (COA), particle swarm optimiza-
tion algorithm (PS0O), and snake optimization algorithm, the maximum likelihood estimation algo-
rithm based on the improved crayfish optimization algorithm has stronger convergence perfor-
mance and higher convergence accuracy.
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1. 818

TEHARAE S AL HR 45, Jik J7 5] (Direction of Arrival, DOA)ftitt & — AN EZEIWF R IRE[1] [2], )&=
MNAFELERE . BEEMAEERGESEL NI B2 L8 %e AT DOA flithd, K EFA
FMIA £ EA5 5525 (Multiple Signal Classification, MUSIC) [3]. Jig4 A48 145 8] (Estimated Signal Pa-
rameters via Rotational Invariance Technique, ESPRIT) [4]. $#t3/iZ:(Perturbation Method, PM) [5]. i KLU
ftitt(Maximum Likelihood, ML) [6]1%%, T e R AASR At T PR FLAEARRAR M LU S5 A R 5 BE CRFF AL m IR Al TG 2
M2 2HBE. (A ML JERTHEE R SR, JTHREZHEL RGN T, 1HEEMEREER
o R BT, X f8AG HAE SEBR AR S A Ik

NV RRIX— R, BEARETIF IR BB LS ML a4 G, DR BB AR 42
EETHRE B . LAk, BEAE R R AW AR S, v anigt 4L % (Genetic Algorithm, GA) [7]. Fi ¥
AT (Particle Swarm Optimization, PSO) [8]4% & Be AL HE4 )12 M H T ML-DOA fli it . #R1, X
BT A R R e ARSI E e DT THATAFEEA B, B AN R, SEUGTHEE R B 2 3
oM PR, TR BRI DR T TR FE RS R 2R

Nk, ASCER T — APt NSRRI SE[9], BAEDLAL ML-DOA fiti vl B2 v (48 2 S . il
SINIEBALG] . S IE 5% R0E[L0) N fl & KR AR P A28 [11] SR 38 5 50 PR R B ) RIS S B, AT A 2K
BTt SR IR Al TR L
2. AR DOA it
2.1. FFIESER

RBAFAE N LILREE, FECOu M, FEICRIBE N d . NG SR TIE, HEKN A, T
6 (=12, N). fERZIt, BUEIRELE AT LRI

X (t)=A(0)S(t)+N(t) (1)
Ref, A0)=[(6),a(6,), (6, )] 5 MxN GERBESIRIARE, a(6) A7 %R, HEERN:
a(ei):[l,engl,"',ej(Mil)g':'T (2)
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FIE RS, S B P 7 ZE R R
R=E[X ()X (1)" |- A(O)R.A(6)" +R, @3)
b, Ry MBS HIVIIT Z/RE, Ry MR o7 =/
22. ML 7534
FEEAT ML 5T, RBCREE T K SR A (A& { X, Xy, X} ISR A I 5 48R
K exp(—|xi —A(9)8|2/02)
-1 det{zo”1}

A, o FoRMEERTT % KZPUREG 0 BN AR | AH— LTI N (t) BAHSCRRE. £
T, AL O B BR G Ty

f{X, Xy, Xy} = 4)

6 = arg mgx[g (é)] )
9(0)=-tr(P,R) ©)
e 6 A1 P, AN
0=[0.6,.6,] ()
P, = A(A"A) " A" ®)

3. INEAMECEER R IR S st
3.1 IMEEMEE L

/NI ERAR AL 525 (Crawfish Optimization Algorithm) & —Fh 32 H SR /N REF I & 47 . BT M
AT N IR R B Re AR A B
3.1 MEINBEMBRE

ANTER S Bt A R AR T R IR R AT N, B RE AR [T AR BN JREE BT AL PR S5 R E E SUN
temp, (EIREAER/NRIRS T REAT N, HHARIFNREE RS 2R E T mmAal, HeE
ESCH p. BARARXWT:

temp = rand x15+ 20 9)
P I SN O .. 570
P=4 {JEIZXG eXp{ 27 JJ 10)
K, C Ml #REER, uRREEE/ N RIMEERMHRIRE.
3.1.2. BEME
MNP FT AR A ETIRFE > 30 FEIREEI, /N RHR 23 NI 7CkEE:, T T B X e E L UTR
Xgrage = (X + X )/2 (11)
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o X Fonis AU RE 2 H AT L E i AL E, X R AT A R E . Xrand <051, RoREH
oAt /NJedF R ZF TS, AN RER 2 EAEHE IR 7R

X = X +C, xrand x (X g — X5 ) (12)
A, SRR YEERIKE, C, h— ANz, AT
C,=2-(tT) (13)

AP T R RIEAREL.
3.13. ZFMEK
MIREEIE R > 30 LG Horand > 0.5 B, 2345 HoAth/N MR 4 5 7

Xi‘j+1=Xitj—X;j+X (14)

shade
A,z BEHLI) N
z =round(randx(N -1))+1 (15)

3.14. BAME
MPERIEE <30 $RICHER, NES SR, BN RS SR A B I it K/
Xtood = X (16)
Q = C, xrand x(fitness; /fitness,, ) 17)
Hrpc, & —AMEN 3BT, fitness, BoRH i R/ANRIFBERNFE, fitness,,, A~ Y00 B K138 N 5
. HEWRDQ>(Cy+1)/2 1, AWIARK, /NIEF 2kt &

X = exp{—%}x Xao (19)
HEYHEA NG, NI AR AT B
X = X+ Xpoq X Px(C08(2x 77 xrand ) —sin (2x 7 xrand ) (19)
4 Q< (C, +1)/28F, AMEHFIT L E
Xi‘j”:(xi‘j—xfood)x p+ pxrandx X; (20)

3.2. BUH MM E E
3.2.1. FEHIERSH
WE T~ MBEVLIBRSH p, Mrand < p I, DNEEFSBHTREPLATR
X = (ub—Ib)xrand +Ib (21)

X, p HE0.03, ub NHREMER LR, b NERMER TR,

3.2.2. BUAMIEZHEE
ORI IE SE VA A S T IER LSS IESZEEAN R BUE A 5% R B8 Uk S AR, A IESZ R 8K
ISR R, EHAE RIFMARRRRD, RS SIN EEM B E R o, AT
SEIL A JRAR RN R ST R e S0 Z VP47 o SOk 1 TE 52 SRR IR AL B T A xUn R
X (t+1) = %, (t)+ g sin () x[ rp; ()= (t) ] (22)
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A, roR ARSI R AL 1 2 XA [0, 27 | FIBEALEL, 2 XA [-2,2] ERIBENLEL. f I RARIOR IR

= Drmax ~ Dnin coS 7t + Drax + Opin (23)
2 Trax 2
lii] [ RINNA:
W = Wy _(a)max ~ Onin ) ! (24)
Tmax

3.2.3. MAXEEMLEN/ MBI EE
Rl SRR AR SRR T N TR AL 3 AR R I RO R I NEFE WG, eI RS AR (8] 2 56 4
RIBIE DAY RABM T BEAR . S0, AN et 2 RV AT AR AE S 5, Ji DRI 1) /N DR PR 3 7
i, A EZENERNE, BERMERSEEST K.
Xih = Xg (X xQ=X{ xQ)x A (25)

X Q=2xrand-1, A=pBxE, Hrand>05K E=N,, Hrand<05H E=N,, B NH% 3.
4. IMEHR
4.1. W o

3T N FE R B AL SO R R PP AN — MR A R B R AR 2 —, O 1 IR St i /N e SRR A B
(GSCOA)MTERE, 14 H 5 &G I/NRIFRLEIE(COA). KT AL EE(PSO) LA K de A Ak B2 (SO) EAT
XFEE, IR I LS R RN T i KSR ML-DOA it . £ MATLAB fj 5 S5 1- & _Eab AT it
REDNR, B UEHAEAFNGHE S IR EH SRR 2 PRI AR EER SO E LE 1.

Best score obtained

- S
20 30 40 50
Iteration

Figure 1. Comparison of convergence between the improved crayfish optimization algorithm
and other optimization algorithms when the number of incident signal sources is 2
1 NGHESIEHA 2 B, s\ RAMIEE S AL B R RS LR

FESIRRR AR S, BETCHON 10, FETCIEERBGEACH —, tRIAECHY 100, MR 0db i
FIR, 2 A LV [-90,90] » e KIEAIRECN 50, FfFECE Y 40. 7£ Matlab 45 51 & HiE4T 100 X Monte
Carlo S, HURFUGEAR/IME R P EHMEIE AR UOE I B ME . ABEFUER 1AL EA S Koyt
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PASIEPSO) NEEMIEMFEIR(COA) B ILILITIA(SO). LLL St 1/ N ML SHE(GSCOA) -

Table 1. Parameter setting of different optimization algorithms

® 1 FEMMHEENSHRE

(URL A RPS SHWE
PSO c,=2c,=2
SO ¢,=0.5,c,=0.05c,=2
COA ¢ =02¢c,=30=3
GSCOA ¢, =0.2,c,=3,0=3,p=0.03Beta=3

Figure 2. Comparison of convergence between the improved crayfish optimization algorithm
and other optimization algorithms when the number of incident signal sources is 3
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Figure 3. Comparison of convergence between the improved crayfish optimization algo-
rithm and other optimization algorithms when the number of incident signal sources is 4
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RN T RAE S BVEE AN EE SR H R ERER DL, SEE W B T M ASHME S EEE S 2 A,
3 VA 4 AN O UL 24 NS SRR 2 1 0=[10°,30° | ASHE S IRECN 3 I 0=[107,30°,40" ]
HNSHESIMA 4 1 0=[10°,307,40°,45" | .

Wk 1~3 Fron, Sk /N IR A 1 (GSCOA)TE S /b (P AR B N 3t I S 8 2] 7 e e, Ik
T HAARACE L . FEE (S S VREE RN, PSO F1 COA ¥JHBL T BN R s LBl %, S 8Lk
FE R %, T GSCOA 4h 2 Rett REFfs T IS, FF A3 & R s it . Seie s RISHE T GSCOA f&
ZAE SEAE TR

4.2, fHHISEEE

AT AT IR R A RE . AN SIS %k FH 45 75 AR 1% %5 (Root Mean Square Error, RMSE) Ml st % 5.7k
DOA flit1H E, B THEREA R PHE SR TT M 5 B R 2 T R 22, NI 5 E55E 1 2 ek
J%. RMSE A RERN:

1 N T ~ 2
RMSE_\/m;;(@(t)—Q) (26)
Hrb: N AMREEE, ToERKREL 6 A% MeSTRMESLRIAME, é(t)?ﬂ%’i’l\%%%%%t?ﬁt

T E
{715 L (SNR) il \—20 dB %1 5 dB, AHHESIRMEN: 0=[10,20" |, 4T 100 JALILHI Monte
Carlo 5256 . i FH B2 A0 T A DU AP AR, it LEAS AL L Al THR ZE h 2R, S0 IE RS, LA 4.

AR5 FIDOAt T4 77 1% 22 4 L

10"

BRI ()
5‘O

—6— ML-COA "-..\
— B ML-GSCOA e
0t ML-PSO "0\\ |
..... ML_SO 'w\
L 1 L 1 \M‘°
-20 -15 -10 -5 0 5
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Figure 4. Comparison of root-mean-square error between improved crayfish
optimization algorithm and other optimization algorithms
B 4. Buft /N RAMIHE RS E R BRI A IRIRELL R

4.3. HENERESH

N T ARG NI SR (GSCOA) I THEL AR, AT Fons Heit S dt AT 104, IR SRk
AL THML) T3 VLA TR L . SRR DOA flivh (it 55 & 1 5 RTTAAR,  DUR 200l e 4L 4
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AR R T IR e N AL A (GSCOA) i 5 &
T GEI R BR A TH (ML) S32R T A2 P A ZA I T SR

o([(emax 6. )/step]m) @7)

K 0, A0, AERAEX A ERIR, step A ZRDK, mANSE IR TGN Rir
WEIERTEEA:

O(NT +N) (28)

A, NOURREECE, T OB AE. i 7% 2 st SE R bl i, itk i/ N e ar A Sk v S A
AN, FHIGHEERS N T MG, S5ESENEER, Bl A6 s Eagine:, ML SER TR
ERPUEK, MSGER N MU RREI TR R S MR S AR A, bR, it
(/NI A SR v] A R/ DOA it B &

Table 2. Comparison of computation amount between ML and GSCOA for different number of signal sources
# 2. FEESEH B/, ML F1 GSCOA itEExftt

7 IREH () ML 575 (0) GSCOA it 5 &(0)
2 3.24x10° 2.04x10°
3 5.83x10° 2.04x10°
4 1.07x10® 2.04x10°

5. &hig

XL SR RAUR DOA AT Ir ke ih R EEAN TS 0 BRI, AR T — A itk /e
UREAL S (GSCOA), iZS i 5 N AL Dl IESL 0L DU il N ORI Ae s, 19 75
B JRRRRE IR IIT R AES . KRS REH, EAFINGE S H 51T, GSCOA REfS S Ihl
SRR BB SIEEERIE N, 5HAE R, GSCOA RENS R FFEE L, Il
SRR i, RAEHISED . AR H. )5, X GSCOA At KA T4

AT T .
EEMA

KA GHTEIME I gt &) Bt BT H (202410305127Y, 2024453).
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