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Hierarchical Guided Enhanced Multi-objective Firefly Algorithm

Abstract

Abstract: The multi-objective firefly algorithm is easy to produce oscillation and aggregation phenomenon
in the solution process, which leads to weak development ability and poor solution accuracy. This paper
proposes a hierarchical guided enhanced multi-objective firefly algorithm (HGEMOFA). HGEMOFA builds a
hierarchical guidance model, uses non-dominated sorting to obtain different levels of individuals. The
individuals in the dominant layer are used to guide the evolution of the individuals in the inferior layer, the
guidance direction is clear, the oscillation in the evolution process is solved, the aggregation phenomenon
is reduced, and the convergence of the algorithm is enhanced. The Lévy flight is introduced to disturb the
optimal layer individuals to enhance the global search ability of the algorithm; After each generation of
evolution, the mutation mechanism is adopted for the current population to enhance the local
development ability of the algorithm; The mutated population is combined with the previous generation
population for environmental selection to screen out offspring with the same population size as the
previous generation to avoid loss of dominance solution. The experimental results show that HGEMOFA
can effectively enhance the convergence and diversity of solutions.
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Abstract: The multi-objective firefly algorithm is easy to produce oscillation and aggregation
phenomenon in the solution process, which leads to weak development ability and poor solution
accuracy. This paper proposes a hierarchical guided enhanced multi-objective firefly algorithm
(HGEMOFA). HGEMOFA builds a hierarchical guidance model, uses non-dominated sorting to obtain
different levels of individuals. The individuals in the dominant layer are used to guide the evolution of the
individuals in the inferior layer, the guidance direction is clear, the oscillation in the evolution process is
solved, the aggregation phenomenon is reduced, and the convergence of the algorithm is enhanced. The
Lévy flight is introduced to disturb the optimal layer individuals to enhance the global search ability of the
algorithm; After each generation of evolution, the mutation mechanism is adopted for the current
population to enhance the local development ability of the algorithm; The mutated population is combined
with the previous generation population for environmental selection to screen out offspring with the same
population size as the previous generation to avoid loss of dominance solution. The experimental results
show that HGEMOFA can effectively enhance the convergence and diversity of solutions.
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(multi-objective evolutionary algorithm, MOEA) YA
A PR R O SN AR R, 8 E B s
MIE 23], A fRok MOP$ME T ¥i 7 1™

MOEA * # 73 % . (D4 T Pareto 3 A 1

MOEA, 11 NSGA™. NSGAII"”. NSGAI".
MOGA"'% , XKEESHU> . SEMF 8 H 5 T e
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%2 HGEMOFA 5 5 #h % 81 517:4F GD L)Lt 4t 1
Table 2 Experimental results of HGEMOFA and 5 classical algorithms on GD
Ji) /5t EELD HGEMOFA MOPSO MOEA/D NSGAII PESAII MOFA
— YA 5.74e—05 8.98¢—02 5.67e—-04 1.67e—04 1.82¢—04 5.82¢-02

Ji#E (2.68¢—5) (2.20e-2) (1.52e—4) (4.83¢-5) (6.60e—5) (2.73e-2)
- WH 3.83e—05 1.16e+00 1.48¢-03 1.34e-04 2.14e-04 2.96e—-02
%= (2.49¢-5) (6.51e-1) (1.01e-3) (3.07¢-5) (1.02e—4) (6.49¢-3)
- WY 6.05¢—05 1.01e-01 2.28¢-03 7.84e—05 1.20e—04 3.68e—02
Wik (1.98¢-3) (3.56e-2) (1.98e-3) (2.51e-5) (6.33e-5) (2.47e-2)
— A 3.55¢—06 4.45¢-02 8.17e—04 3.81e-05 1.11e-02 1.88e—01
7 2% (1.88¢—4) (9.13e-2) (1.88¢—4) (1.80e-5) (1.44e-2) (2.42¢-2)
DTLZI WE 6.01e-04 3.87¢+00 1.36e—04 1.64e—-04 3.00e—02 2.60e+00
ik (1.89¢—6) (8.74e-1) (1.89¢—6) (1.26e—4) (8.15¢-2) (1.48¢+0)
DTLZ WY 3.62e—04 4.58¢—03 3.57e—04 7.63e—-04 7.93e—04 4.19¢—04
7% (4.56e~7) (1.11e-3) (4.56e-7) (7.62¢-5) (9.33¢-5) (2.40e—4)
DTLZ4 YA 3.54e-04 1.76e-02 3.49¢—04 7.37e-04 7.85¢—04 1.52e-03
Ji % (3.53¢-5) (1.02¢-2) (3.53e-5) (5.75¢-5) (8.25¢-5) (1.29¢-3)
DTLZE WE 3.37¢-06 1.54e-01 2.08e—03 3.48¢-06 3.39¢-06 2.89¢-01
I (1.18¢-7) (7.17e-2) (5.19¢-3) (9.66e—8) (1.62e-7) (1.96e-2)
DTLZT W 1.10e—03 7.48¢—02 2.38¢—03 1.68e—03 1.56e-03 8.43e—02
Wip (3.14¢e—4) (1.28e-1) (3.14e-4) (2.41e-4) (3.87e—4) (6.87¢-2)
%3 HGEMOFA 5 5 Fh 2 i 590 7E SP L i SE6 45
Table 3 Experimental results of HGEMOFA and 5 classical algorithms on SP

Ji) 5t =0 HGEMOFA MOPSO MOEA/D NSGAII PESAII MOFA
ZDT1 WE 3.72¢-03 1.23e-02 7.24¢-03 7.00e—03 1.09e—02 1.25¢—02
% (6.77e—4) (1.66e-3) (2.24e-3) (6.07e—4) (1.52¢-3) (2.02¢-3)
D12 WE 3.86e—03 7.89¢—03 1.36e—02 7.06e—03 1.07e-02 1.08e—02
Wik (4.90e—4) (1.51e-3) (3.54e-3) (6.91e—4) (1.28e-3) (6.81e—4)
- SSLIEN 8.51e-03 1.38e—02 2.27e—02 7.71e-03 1.27e-02 6.57¢—03
Ji % (2.09¢-3) (2.87¢-3) (5.41e-3) (7.66e—4) (2.50e-3) (2.35¢-3)
— WE 2.61e—03 3.65e—02 3.87e-03 5.99¢—03 3.67e—02 6.39¢—03
Ji 7 (3.79¢—4) (4.51e-2) (5.33¢-4) (5.20e-4) (5.82e-2) (5.47¢-3)
DTLZI YA 5.26e—03 2.65¢+00 1.01e-04 1.58¢-02 3.81e-01 5.74e—02
ik (3.28¢—4) (9.37e-1) (1.70e-5) (1.69¢-3) (1.26e+0) (7.82¢-2)
DTLZA ¥ME 1.57e—02 4.28e—02 3.79¢—02 3.91e-02 3.93e—02 2.53e—02
T7 % (1.10e-3) (3.84e-3) (8.62e—6) (2.16e-3) (1.99¢-3) (1.09¢-2)
DTLZ4 WH 1.85¢—02 3.39¢-02 3.47e-02 4.04e—-02 4.05e-02 2.46e—-02
Wik (1.50e-3) (1.86e-2) (9.44¢-3) (2.18¢-3) (1.94e-3) (8.64¢-3)

DTLZ6 WiE 1.64e—03 8.21e—02 2.30e-02 5.58¢—03 7.72e-03 1.97e-01
7% (1.29¢—4) (6.11e-2) (4.10e-2) (3.11e—4) (1.30e-3) (1.87e-2)
DTLZ7 YA 2.89¢—02 2.26e—02 1.35¢-01 4.84¢—02 4.41e-02 5.06e—02
7% (2.43¢-3) (1.13e-2) (1.42¢-3) (5.65¢-3) (5.41e-3) (1.27e-2)
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#4 HGEMOFA 5 5 # £ s 51757F IGD L5 at 45 51
Table 4 Experimental results of HGEMOFA and 5 classical algorithms on IGD
i =170 HGEMOFA MOPSO MOEA/D NSGAII PESAII MOFA
- WE 3.82¢-03 8.75¢—01 1.12e-02 4.78¢-03 1.06e—-02 3.70e—02

% (6.36e-5) (1.99¢-1) (2.15¢-3) (1.61e—4) (1.50e-3) (4.30e-3)
p— YA 3.86e—-03 1.72e+00 2.58¢—-02 4.86e-03 1.16e—-02 4.62¢—-02
Yag (3.66e-5) (4.28¢-1) (3.41e-2) (2.44e—4) (1.91e-3) (7.90e-3)
- ¥IME 5.24e—03 7.85e—01 2.95¢-02 6.36e—03 2.12e-02 1.87e—-02
Wik (4.13e-4) (2.47e-1) (1.20e-2) (5.35e-3) (2.16e-2) (2.78e-3)
— WE 3.09¢-03 1.93e-01 6.98¢—03 3.72¢-03 7.41e-03 1.56e+00
% (3.98¢-5) (9.14e-1) (1.27¢-3) (1.54e—4) (6.12e—4) (1.49¢-1)
DTLZI YA 1.62e-02 4.46¢+00 1.37e—02 1.89¢—-02 1.80e—02 5.21e-02
ik (1.87¢-3) (1.87¢+0) (1.22¢-5) (6.89¢—4) (6.43e—4) (1.63e-2)
DL ¥IMH 3.67e—02 7.09¢—02 3.63e—02 4.88¢—02 4.49¢-02 1.31e-01
Ji % (1.79e-4) (6.68e-3) (1.92¢-7) (1.39¢-3) (8.99¢e—4) (3.95¢-2)
DTLZ4 Wil 3.95¢—02 1.71e-01 1.39¢-01 4.82¢—02 4.57e-02 1.32e-01
WES (5.08¢—4) (1.15e-1) (1.54¢-1) (1.39¢-3) (8.61e—4) (1.69¢-2)
DTLZ6 YA 2.04e-03 1.64¢+00 2.26e-02 2.92¢-03 7.71e-03 3.13e+00
Wk (1.13e-5) (7.34e-1) (4.30e—6) (1.31e—4) (1.46e-3) (3.15¢-1)
DTLZT IME 3.94e-02 1.48¢+00 1.14e-01 5.24e—02 6.01e—02 8.45¢—02
Ji 7 (4.80e—4) (7.08e-1) (1.05¢-3) (2.35¢-3) (5.42¢-2) (4.38¢-3)

B B A R R 3 R R AR 1 (5 AR L
F SRR T 6 M ELVEAEGD. SP. IGD X 3 #645 L
GRS E L. WG4 kG, HGEMOFA
£ 9 DA ) ) 3 MR bR AL AR 19 Tk, Hik2
MOEA/D /i flt 6 ¥k, PESAIIFINSGAII £ % (510
Wo 4%, HGEMOFA W Hifh b Bk 5

P E N ER VAR E. R 6 T LR
i, HGEMOFA [¥] 3 Tt 45 ¥ 1) 1k~ 35 {8 #5 2& i
), H 5% K NSGAII ) #k 7 518 2 B K.
Friedman £ 35 5246 45 R % W], HGEMOFA X} Eb H
AR5 M8 USRIV AE SRR T RIS ARV ) SR AR R R R
fERER I 3 A 1t 7 A2 BT, 27

Pk RE BT o

R LIS %6 6FhIE/EGD.SPAIIGD
s REE LG 5F Frie@man *ﬁ%ﬂ’ﬂ%ﬁjﬂt%
Table 5 Each algorithm dominates statistics Table 6 - Average ranking of 6 a}lgorlthms on GD, SP and
IGD based on Friedman test
ER7S GD SP IGD At ik GD Sp 1GD
HGEMOFA 6 6 7 19 HGEMOFA 1.44 1.44 1.22
MOPSO 0 1 0 1 MOPSO 5.67 433 5.67
MOEA/D 3 1 2 6 MOEA/D 2.89 3.89 3.56
NSGAII 0 0 0 0 NSGAII 2.56 3.00 2.56
PESAII 0 0 0 0 PESAII 3.33 4.44 3.11
MOFA 0 1 0 1 MOFA 5.11 3.89 4.89

IR & BRI S5, Ko T
{E Friedman K756 T 6 FhEVATE 3FPRAM 4R FIORE  JE7R % HIKAE 9 1> MOPs L 1) Pareto R LL 5 151«

F¥J{H . Friedman #6536 FH FIFASFEA Z R 2 5,

B B H AR B HGEMOFA PERER 34, B2
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Fig. 2 Pareto front fitting graph of each algorithm

3.3 5% Binti L EIL e

N #E — 35 il i HGEMOFA 1) ¥ ¢ ,
HGEMOFA 5  CMOPSO™.
CFMOFA™.  RVEAIGNG"™.  MMOPSO™.
SMPSO"™.  NSGA-II-SDR""'.  MOPSO-CD"™.
NSLS™. dMOPSO™. MOEAPSL"" 17 Lt 5 .
HAASH % E: HGEMOFA H a=02. S . =1.5.
y=1. u,=0.1. 6=02; CFMOFA # ¢=02. B,=
1. y=1; 4 RHPEMO™F&MSEE.
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3271, WL RIEKT.

¥
NMPSO™,

P52 7141, HGEMOFA 7£ 9 /M5 i) £31 r
ST 7k &L, CMOPSO #1RVEAIGNG %3 5l 15
l—w, B TNHEZEYWLE— 5. RSERT
HGEMOFA 5 11 ff MOEA 7E IGD _E #£ T Friedman
K96 (1) T ¥ HE 4, HGEMOFA [F) 8% T ¥ E i/
H4 %+, HHE4 S 2 1 CMOPSO IR FHE A
WKZES, KRBT HGEMOFA 7 IGD f&#5 5 11
T MOEA A7 0%, /A3 T HGEMOFA K fift s
A BT TS R 2 A

25 I, HGEMOFA 7£ [f1 % 2 £ ot 1) @ i,
R P BT U S R 4 A P, 3RA3 11 Pareto
AR E A AN E SR, 2—MaffEm 2
RS

%7 HGEMOFA 5 11 f MOEA 7£ IGD | {5256 45 5

Table 7 Experimental results of HGEMOFA and 11 MOEA on IGD

Rk ZDT1 ZDT2 ZDT3 ZDT6 DTLZ1 DTLZ2 DTLZ4 DTLZ6 DTLZ7
HGEMOFA  3.82¢-03 3.87e-03 524e¢-03 3.10e-03 1.62¢e-02 3.67e-02 3.96e—02 2.04e-03  3.95¢-02
CMOPSO 421e-03  4.12e-03  4.64e-03 3.10e-03  7.57e-01 3.97e-02 4.12e-02  2.09¢e-03  5.23e-02
NMPSO 2.79e-02  1.92e-02 1.01e-01 4.41e-03 1.69e-02 5.67e-02 1.06e-01 1.29e-02 4.58e-02
NSLS 2.43e-01 4.49¢-01 2.17e-01 5.89e-03 1.54e-01 3.79e-02 1.48e-01 2.19e-03  8.58e-02
CFMOFA 8.79¢-03  1.31e-02 1.45¢-02 9.77e—02 1.56e+02 6.01e-02 9.10e—02 5.65e—01  5.59e-02
RVEAIGNG  4.07e-03 4.14e-03  7.80e—03  3.28e—03 1.44e-02 4.00e-02 3.97e-02 2.32e-03  5.00e-02
MMOPSO 491e-03 5.03e-03 5.41e-03 4.29e-03 2.82e—02 4.93e-02 4.88¢-02 3.37¢e-03 9.42e-02
SMPSO 4.95e—03 4.96e-03 5.37e-03 3.86e—03 1.27e+00 4.86e—02 2.54e-01 2.64e—03  8.82e-02
NSGAIISDR  6.92e-03  5.23e—03  1.38e—02 4.40e-03 1.84e-02 4.35¢—01 3.87e-01 3.40e-02 5.97e-02
MOPSOCD  4.00e-03  4.11e-03  4.75e-03  3.39e-03  1.19¢+01 4.83e-02 1.18e-01 2.63e-03  5.73e-02

dMOPSO 1.52e-02  1.33e-01 1.66e-02 3.22e-03 1.45¢+00 9.03e-02 2.39e-01 2.25¢-02 1.00e-01
MOEAPSL  4.62e-03  4.75¢-03  6.27e-03  3.62e-03 1.97e-02 5.04e-02 4.91e-02 2.66e-03 5.43e-02
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Table 8 Average ranking of algorithms on IGD based on

Friedman test

P Hik MeF 1A
1 HGEMOFA 1.33
2 CMOPSO 3.33
3 RVEAiIGNG 3.56
4 MOPSOCD 5.22
5 MOEAPSL 5.78
6 MMOPSO 6.89
7 SMPSO 7.33
8 NMPSO 8.00
9 NSLS 8.56
10 NSGAIISDR 8.89
11 CFMOFA 9.44
12 dMOPSO 9.67

3.4 SRESH RSB

A H ) HGEMOFA & MOFA 5 24 51 &
BERY(ST) AR S AL (S2) AN FR B 14 3 SR 1 (S3) AH 465
Ak ANTELEG] S, A LG AR 5L
i R SR VA I R PR AR (R RE A, K MOFA 45 5l

52 855 AT .

PR 38 5 SRS A AE A2 S (LA O S Ak b SCEL
HOCTR &R DU A B B SEms 1 SEIR 5 R . R 9

RO BIEHMKIHTLEIGD b S AR
Table 9 Experimental results of algorithm strategy analysis on IGD

25 T WS IS [F] 5 B (1) MOFA 7E 9 AN IR i 731 I
1FEI IGD MM, SRERBCE [ 3.2 77,

RKOMLUEH, AL ZEH G| TR 8 s
TnAE 5 WU XT3 58 MOFA PEREE I A IR . fE45 &
J& 2% 5| AR RIAR S L) S S RE AR T
SR G| AR AN N AR AL A BB HE 5
X2 RN R AE AN A PR AR, ROEEE
Wi $4 B B 5K Pareto I, 78 7 ML 3 5 577 J&) 68
HWRAe ), WS ENRENR. 468
SN RIPR B 15 S 5 FVE I Rt A )
AR S AL R A 858 328 45 S W DA ORUIE SEVEAE R4
FRAE I [F AN B RAR A . AETS INAS[R] 1) SRE g
W, FIEMEREHECH AREE RS, WEEEE
MERAAENEE Eatr, 4iE6E%L S, A&
S B R A 35 34 3 SR 1) HGEMOFA f K A% 3
5% T MOFA [ fE .

#1045 11 T HGEMOFA 5 & SEmg 4 & % T
IGD %8 #% M) Friedman f& 5 &5 % . W UL A H,
HGEMOFA (114 e fe e -

S MOFA MOFA+S1 MOFA+S2 MOFA+S1+S2  MOFA+S2+S3 HGEMOFA
ZDTI1 3.70e-02 7.36e-03 6.08¢—03 5.98¢-03 4.19¢-03 3.82e—03
ZDT2 4.62¢—02 7.47¢-03 6.35¢—03 6.11e-03 4.19¢-03 3.86e—03
ZDT3 1.87e—02 1.14e-02 7.12e-03 7.07e—03 5.89¢—03 5.24¢—03
ZDT6 1.56e+0 6.80e—03 5.93¢-03 5.79¢-03 3.47¢-03 3.09¢—03
DTLZ1 5.21e-02 2.47¢-01 3.31e-02 2.64¢—02 2.05¢-02 1.62¢—02
DTLZ2 1.30e-01 5.19¢-02 5.11e-02 5.08e—02 4.10e—02 3.67e—02
DTLZ4 1.32e-01 6.30e—02 4.94¢-02 4.86e—02 4.22¢-02 3.95¢—02
DTLZ6 3.13e+00 3.92¢-03 3.27¢-03 3.34¢-03 2.35¢-03 2.04e—03
DTLZ7 8.45¢—02 5.92e-02 5.37e—02 5.33e-02 4.22¢—02 3.94e—02
%10 HGEMOFA 5% 5l 41 415 1GD |3 T Friedman k& 4 ?:'?I‘/B

B 1~ 34

Table 10  Average ranking of HGEMOFA and each strategy
combination on IGD based on the Friedman test

PR ik MF A
1 HEGMOFA 1.00
2 MOFA+S2+S3 2.00
3 MOFA+S1+82 311
4 MOFA+S2 3.89
5 MOFA+S1 5.11
6 MOFA 5.89
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