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Figure 1 Adaptive neighborhood radius prediction

2.3 BENEZERAETE(FL-AMAS) WS R
ASCHE Y F IS N U BE 7 (FL-AMAS)
R INIE 2 Pros . 1 el i R 23 BT A B
HIEREAE ) NOPC {8, I MR Hs NOPC &£ i 5L 17
PEACT ke 22 00 BEAL 05, AR5 HEAT A DL B 05 1

A, BB R RS

FEHLI

ERH
¥

DBSCAN
L

I ST
FhBE, (—1+1
SR

B2 BENHEFREAEAERER

Figure 2 FL-AMAS flowchart
Bk 14T FL-AMAS 89 Db f0RD , BEAIL I & it
T v (9 0 25 2B BORE S 500D, % 3k 2 il AL A A A
(O R EAT VAL BT S AR O 0(500D) , PRk
FREERTT SRR 24 O(NP) iR Zad T kg5
BRI PG, O R R N o(T-NP) |5/
L A2 AT R E 2 0(T) o DL 4k H]
R ) BERILIEAE AP RO R AR E D 1000, 10 T K

AT
FhBE, (—1+1




% 6

RIGEZR 55 6T 3 7 B b JB 23 A B D0 A 0k 981 B2 7 35

EARTEAG PRI B E S T - NP h 15 000, A I
0(500D)<O(T - NP), % FJigk, s23 FL-AMAS
MAHEE 2B R 0(500D) +O (NP)+0(T-NP) +
O(T)=0(T-NP), 55 {fi H DE 5 HHO /)& 7%
FETR B — A=, HIL A —E e 7,

BiE1 FL-AMAS &1k,

Hi A :DE 1 HHO, F& o o %5000 38 4 | Bl ML I 56
OB, B A5 e R RS NP

B L R v ) SR L
O WRALFIEE NP FlR KBS T
@ BB LI E AR 500D, AL S N 2% ;
@ 5 BB T SRAE A AR I 35 1
@ AR A 0 E e A
® it DBSCAN X} fli A A3 2
©® if NOPC=1 then
@ fdiH HHO 58 R ;
1=0;
© while t<T do
(0 4% HHO 5w E 47 557
D r=1+1;
@ end while
B else
@ fdi ] DE W5 AR RE
B t=0;
@ while t<T do
@ RHE DE HRug AT 5 5
® i=t+1;
@9 end while
@) end if

3 KWIFHMER

3.1 BEERYFMEWEIE

T VEAR B B R 0% B O R 7 PR RE A 3
WEHE T 8 Tl A 0 A6 B 1 A A X L, 78 A [R] A —
2 B D PR RS R AT SIS R L R oA R R R S
R R HL AR (RIS B M TR R 23 FeR
B HhREL S ~ f, B RIEIE | H Al 2
B, ZEERED £ ~ fi, RE4EIE, £, ~
foy = [ E ZE IR AE M IE o 70 2 3 m] 25 1 B 7 oK AR
oA SCRERE 2 4E 10 4EF 30 ZE 3 AN [ 4

44 NOPC;

it ji%:Tfl\f4\f7\f10\f13\f16\f19\f22 8 A~ 3 bR
FONA R AT FL-AMAS BIL M ZEGIPAG . SC5h,

BEALIE E R AL HCR 500D , B4 Ak 55 125 76 AR Rz
PR B Y e R AR B O 500, 6 A A I
PREE s AT 30 BRI 45 R SR H s BA

Intel Core 2.40 GHz CPU A1 8 GB WY& #L, fifi F
MATLAB R2022a # {4, 8 At b8 43 %18 HHO |
DE, WOA"™  GWO™ MFO™' MVO™' SSA™
SCA'™) R 1B T 3k B8 503k 1 2 BB (R e &
g Y SA R U AR R O SCRR T Y R R B
ZH0) .

Xof B R B PR RE HEAT GEHIRAL . SO R
B R R B E IR ZE R f(x) - f(x7), H
flx) R B B AR, (") R PRECE S
(R d5c PG it o T O30 1R 22 1Y 3 (H ( Mean ) Fl g #fE 22
(Std ) fe fliy 2 AL AL BBk A HE RGP . b Ah BT Fried-
man K550 2013 5] T 2 A HIRAE A R LR HES |

®1 HESHEE

Table 1 Algorithm parameter settings
2 i g 24 BuE
BRNT F 0.5 WAL 5 KL RN 500D
ZAEH CR 0.7 GRS RNx2%
WAES £ bk 2—0 || mRBARRE T 500
LF B 1.5 RN NP 30

3.2 LIRIIE
3.2.1 FL-AMAS 5 HHO #= DE 3331t

h T B AIE FL-AMAS J7 3 0947 80t 76 8 ke
PREAE I fF FL-AMAS 5 HHO #1 DE 5% 43 ) iff
IRt #2451 1 3 FhEERAE 2,10 F1 30 Ay 1fE
PR IS Gt a5 R

T2 T fig Sro Sor M BN TE G DL bR KL, BE T
NOPC {H ,FL-AMAS 7E [ % 4 56 i bR 5L Y 26 B34 00
F HHO,JIFHATE £, f, FARIG T B M BERCER

XFT 2 4E R B S E (3R 2) , M4l NOPC fH,
FL-AMAS %474 454 7 HHO  DE B % 0948 2 (5
HHO 5 DE E’J:ﬁﬁ) AR R 5 HHO Bk e fig
F§oF- 16 f, f, f, X 3 AR EET DE,EYE £, &
AU DE,

TE 10 453X ek B S 5 | (% 2) , R 3E NoPC
{H,FL-AMAS 7£ f,, F¥E# DE B3k, 76 H 43 00 pR 5k
¥ HHO %9, 5 HHO M 78 £, b 45 R 15 5
TARK M W, MR+ F; 5 DE M L, FL-
AMAS TE f, fi fy Jio X 4 D BEECEBOET DETE £,
T PEREAET s 7 30 AEDN K R AR S b (R 2) MR
NOPC {& , FL-AMAS TE f, \f, \f, fio 1 f,, LBEFET
HHO %k, Rt AE 5 HHO $:F, 5 DE Lt ¢
fios B f, BT DEAHTE £, B DE, %5 1
fi ik, FL-AMAS #48 NOPC a] LA %4 #) J] HHO
1 DE FyE 05, 76003 R 5 L A5 3 0 4f 1 45



36 N K F F W (T %R 2025 4

®2 TREEEEMNKEH S ~ f, BEE LB

Table 2 Comparison of different algorithms on the benchmark set of test functions f, ~ f,,

e ie R Mean Std
FL-AMAS HHO FL-AMAS HHO DE
/i 9.49E-112 9.49E-112 6. 85E-87 3.67E-111 3.67E-111 2.53E-86
fi 3.08E-49 3. 08E-49 8. 79E-41 1. 19E-48 1. 19E-48 4.26E-04
f 1. 44E-04 1. 44E-04 9. 50E-04 9. 09E-05 9. 09E-05 4.26E-04
> S 4.44E-16 4.44E-16 4.44E-16 5. 10E-32 5. 10E-32 0
S 1.07E-06 1. 07E-06 1.35E-32 1. 73E-06 1.73E-06 2.83E-48
S 4.65E-08 4. 69E-08 4. 65E-08 5.73E-17 7.54E-10 5.73E-17
S -2.78E-03 3.67E-03 -2.78E-03 0 1.41E-02 0
fr -4.03E-01 4.92E+00 -4.03E-01 6.25E-16 7.75E-03 6.25E-16
/i 2.02E-93 2.02E-93 4.42E-12 6. 13E-93 6. 13E-93 2.70E-12
fi 6.35E-50 6.35E-50 1.55E-03 2.37E-49 2.37E-49 6. 27E-04
4 f 2. 05E-04 2. 05E-04 1. 78E-02 2.43E-04 2.43E-04 5.54E-03
fro 4.44E-16 4.44E-16 1. 08E-06 5. 10E-32 5. 10E-32 6. 19E-07
S 3.96E-12 5. 54E-05 3.96E-12 4.89E-12 1. 15E-04 4.89E-12
£ 5. 84E-99 5. 84E-99 1.81E-08 1.36E-98 1.36E-98 6. 68E-07
fi 2.01E-49 2.01E-49 2. 71E+00 6. 76E-49 6. 76E-49 1. 86E+00
304 f 1.31E-04 1.31E-04 2.16E-02 8. 04E-05 8. 04E-05 6. 63E-03
fro 4.48E-16 4.48E-16 -1.07E+13 3. 10E-32 3. 10E-32 5. 74E+11
fis 3.51E-05 3.51E-05 1.35E-32 6. 11E-05 6. 11E-05 2.83E-48
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£ Ff SR B E L Tk S S 1k i SR AR ) BEAS
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fio RS, BRBCEARL T X5 LB L, 5 10 4 RS 5
FHLG 30 4E7E £, BRI T R AE, IR uE T -
R A HE

W W : Mean _
FL-AMAS MFO MVO SCA SSA GWO WOA
fi 9.49E-112 7.40E-103 3.09E-05 1. 76E-68 8.00E-13 1. 09E-199 6.78E-108
4 3.08E-49 4. 50E-50 4.01E-03 4.97E-34 7.01E-07 8. 12E-92 1.11E-16
fy 1. 44E-04 2.79E-04 2.37E-04 1.90E-04 8. 40E-04 1.55E-04 2.41E-04
2 e fio 4. 44E-16 4. 44E-16 4. 12E-03 4. 44E-16 8. 67E-07 4. 44E-16 1.63E-15
. fl3 1.07E-07 1.35E-32 7.58E-06 2.04E-04 6.08E-13 4. 79E-08 2.77E-07
flﬁ 4. 65E-08 4. 65E-08 3.49E-07 6. 05E-05 4. 65E-08 7.08E-08 4. 69E-08
Sfio -2.78E-03 -2.78E-03 2.78E-03 5.00E-03 -2.78E-03 -1.71E-03 1.03E-02
oo -4.03E-01 1. 64E+00 1. 48E+00 6. 87E+00 1. 07E-01 -4.01E-01 1.27E+00
fi 2.02E-93 2.55E-13 1. 84E-02 1.57E-12 2.23E-07 1. 69E-56 8.41E-79
fu 6.35E-50 1. I0E+00 9.24E-02 3.46E-04 2.07E-05 6.22E-18 7. 84E+00
10 4k fy 2. 05E-04 9.70E-03 2.70E-03 2.26E-03 1.46E-02 6.34E-04 1.99E-03
fl() 4.44E-16 2.03E-07 2.60E-01 9.95E-02 8. 17E-01 7.31E-15 4. 00E-15
fm 5.54E-05 3.66E-03 5.79E-03 2.96E-01 1.46E-03 6.21E-03 1.25E-02
fl 5.84E-99 2.55E-13 1.30E+00 5.11E-11 1. 86E-07 1. 14E-27 9.98E-78
fa 2.01E-49 1. I0OE+00 1.92E+00 2.33E-03 1.04E+01 6.98E-07 4.43E+01
30 4i f 1. 31E-04 9.70E-03 3.20E-02 5.50E-03 1.96E-01 1.94E-03 2.29E-03
fio 4.48E-16 2.03E-07 1. 88E+00 3.50E-07 2.78E+00 1.02E-13 4.47E-15
fis 3.51E-05 3.66E-03 1.70E-01 3.52E-01 1. 11E+401 6.51E-01 4. 65E-01
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Table 4 Std of different algorithms on the benchmark set of test functions f, ~f,,
My R x
FL-AMAS MFO MVO SCA SSA GWO WOA

A 3.67E-111 2.80E-102 2.31E-05 4.56E-68 6.55E-13 0 2. 62E-107
S 1.19E-48 1. 71E-49 2.16E-03 1. 68E-33 5. 10E-07 3. 14E-91 3.27E-16
S 9. 09E-05 1. 50E-04 2. 50E-04 2. 00E-04 1. 06E-03 1. 53E-04 3. 00E-04

2 % o 5.10E-32 0 3. 13E-03 0 5.85E-07 0 2. 19E-15
Sis 1.73E-07 2.83E-48 1. 02E-05 2.90E-04 7.35E-13 5. 14E-08 5.31E-07
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Sa 2.37E-49 1. 69E+00 4.85E-02 6.56E-04 4.87E-06 1.07E-17 1. 05E+01
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S 6. 11E-05 5.36E-03 7.33E-02 1.05E-01 1.41E+01 2. 60E-01 2.67E-01
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Optimization Algorithm Scheduling Method Based on Fitness Landscape Analysis

ZHU Xiaodong, REN Chunxiao, LIU Xiaolan, CHEN Ke, YU Chunming

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract ; Optimization algorithms often perform optimally on specific types of fitness terrains due to the varying na-
ture of optimization problems. To address this limitation, in this study an optimization algorithm scheduling method
grounded in fitness terrain analysis was introduced. This method characterizes the terrain features of an optimization
problem by extracting the local peak cluster number features of the optimization objective function. Based on these
terrain features, the method selected the most suitable algorithm to maximize the advantages of different algorithms
through effective scheduling. In particular, this study considered the balance between exploration and exploitation
in optimization problems by selecting the harris hawks optimization algorithm (HHO) , known for its high develop-
ment capability, and the differential evolution algorithm (DE) , recognized for its strong exploration ability, as the
scheduling algorithms. The choice of algorithm was tailored to the specific adaptability characteristics of the terrain.
Experimental results show that the convergence performance of FL-AMAS was improved by 75% compared with that
of HHO alone, and by 40% compared with that of DE algorithm. Further, FL-AMAS was compared with six ad-
vanced algorithms, and FL-AMAS outperformed these algorithms in convergence accuracy on 75% of the benchmark
set. The effectiveness and scalability of the proposed scheduling method were further validated through comparisons
with other types of scheduling optimization algorithms.

Keywords: optimization algorithm scheduling; fitness landscape analysis; feature extraction; local peak points;

harris hawks optimization algorithm ; differential evolution algorithm





