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Abstract

To address the challenge of achieving reliable and precise monitoring using a limited number of
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discrete points in tunnel health monitoring, an Improved Multi-Objective Sparrow Search Algorithm
with Multi-Point Random Crossover and Specific Variation (IMSSA-MRs) is proposed in this paper. This
approach integrates a specific multi-point method with a specialized variation update strategy to op-
timize the deployment of fiber optic grating sensor networks. Addressing convergence deficiencies
and local optima issues in conventional sparrow search algorithms, the IMSSA-MRs employs optimal
point set initialization to enhance population diversity while accelerating convergence. It further in-
corporates multi-point crossover and wavelet mutation update strategies to improve global search
capability. Simulation experiments and comparisons with alternative algorithms demonstrate that
IMSSA-MRs exhibits superior convergence and solution accuracy, achieving a balance between mon-
itoring precision and sensor density in FGSN deployment.
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BEE I T A POE HE R, IR E A E IS R R S, BETE A Dy SR S B O, R R R — AR
ERBAREAEH1]-3]. ERRERTUIAUR, SeLFAiH e Ml(Fiber Bragg Grating, FBG) A 2 4 i
A SR RN fi I M 00 4 S e 0 B [4] (5 AR, AR RS mAEAE M B A ANy, XAl
A3 anAer R D e 3 1) B R BHE AT T SRR, LA R G fer $5 6 s A 55 A B i 1) 1) R I A AR R

BT BEIE A 52 JTRHIE S A TEAT N, AR IR 25 A B AR A B 1) A 2132 B 9T . Blachowski 55 A
(638 I fif e M A AR AE RS Bl fp 2 M R R B EOR AR S M R AR AR R B, $R H — PP Tk A%
TR T B 0T B AR T AR g8 A P 5 A i S PRV B S AR O B S v . ERRSE (7] IS K-L (Kullback-
Leibler) U5 VPl - A G55 5 58 BAS S IR UPER Z Sk, 8D T A B SE BAEIS FrilliR3h (5 5
HAHEFR7EEM . Sajedi 55 N[8]H H —Fhig B A= il DL A6 X 25 (DGBO), K545 2% 4 41 B (Optimal
Sensor Placement, OSP) [ @ 4% A 4838 A6 10 25 1] 1) @, DAt 31 42 J=) B U BC B -5 e R A TR 4 48 I 24 1
ST EIRERE . TSN, I B IBLZ (Inverse Distance Weighting, IDW)i# ixf 5 T~ FF 29 S 9 1B EE 4 i
ML, RS AR SO AR RN B AT 2 AR V5 [9]-[ 1] SRTT, IDW J7iERIPERETEAR KAR A AR
THNESH, = qiENRIEE

1E2 BARRAG T b, W2 2B AT T IRONIRIE I 7S . Civera % N[12]8H 2 B st i 5t &
TR T VR S A A it s A O S AT AR A I A5 SR As A B . Liang 55 A[13]F HSEL R GeiH
AT 2 BAnie %, SRR AR IEAT AR RS B £ . R R EIE B 2 RISt . & it
SREER RO T R 2 BARRAL R RV I 2 —[14]-[16].

BT bR, ASCELE G AT AW R AL b, $RH— R T ol 2 B AR R AL B A AR
MBEMTTVE. £ RIS TE W AR A K ARG, 0B HARE R RO E v LI B, @2 T 2
B br bR A AL B E AL AT B AR A8 . R AR ARG . BT e SR G A8 e 558 S AL B SR 3R
W FRIRE SR SO A SR B AR SR B i — AP B IR SO U7 R (R W AT R AR
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S8R IR (Inverse Distance Weighted Interpolation Method, IDW)& — )32 N FH T M 4% A 48 (]
M7 5[17], I v S5 R IO A ) PR PR SR Ak A T A R AL (18] DRI AT B AL, A2 L
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z(x, y), THEARW3).

w.

i

2

Z,=3w*Z(X,.7,) 3)

i=1

Horh, 27 REFE SR B IR LA A R R ST, A RENACE 2 RN, AT B A B S A 4
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EZ HAEO T, L HEEA R RIS, WA E AR T % 0 PP $a i SR Fl
MRACTT V2 B, ASHIF FEH A f2 i 1 78 S5 i 5 T AR 2 [0 (¥ 340 75 4R 1% 22 RMSE FIE RS AN N AR
PN ARHE . K FBG M 28 A4k A B 1) U X SR A RMSE A N 1S40 H bR AL il

1) F%iERAE RMSE 1Ak H kr

AW FEE T3 RMSE S B TNE 5 FLSE 2 (B iR %, 75 FBG 17 B M4 M IR RE . o, 33
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1 [ 2
RMSE, = (s.-5) @)
Horr, s WIS i MNARESAE, 5 NFREE ST § AR AR TN RASE . N A BEE W AT B AL RS A
Ho B—PH, s TR R4 55 8. X RMSEx LLR/MESRA FBG A7 B AR LAk 45
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FBG % 35 ) BB He S e 1 B T8 M 0 P RIS R /DS, [ 4 DR 22 5 FAR PR v A1 AR i s N it 2
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3.1. R REREFEE L TSSA
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Figure 1. Comparison of populations after initialization without optimal point sets (left) and with optimal point sets (right)
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Figure 2. Multi-point random crossover operation
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Figure 3. Flowchart of FBG network optimization deployment method based on IMSSA-MRs
3. #F IMSSA-MRs # FBG M 1 B 775 miZE

Table 1. Simulation environment operating condition table

1. TEFMEARIRR

TS
1

O 0 N9 N W B W

G S
0.2 Mpa
0.4 Mpa
0.5 Mpa
0.2 Mpa
0.4 Mpa
0.5 Mpa
1 Mpa
1.5 Mpa
2 Mpa

) e = s
0.08 Mpa
0.16 Mpa
0.2 Mpa
0.2 Mpa

0.4 Mpa

0.6 Mpa
0.4 Mpa
0.6 Mpa
0.8 Mpa

K
0.4 Mpa
0.4 Mpa
0.4 Mpa
0.5 Mpa
0.5 Mpa
0.5 Mpa
0.7 Mpa
0.7 Mpa
0.7 Mpa
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4.2. WS BiREEMREIERR

JE I A R SCHR[20]-[23 10T %0, 29002 H AR 521 B8 B FE A8 32 25 I m) AR ER 25 (Inverted Genera-
tional Distance, IGD). 1HAX % (Generational Distance, GD). #{AF#{(Hypervolume, HV). SP #E#5(Space
Indicator)5%, A HELEH &) 2K IGD. HV 5 SPAERA L Z B E RIS TR R . &18hn S
XSt H AR EHIT

CRAPERR bR S AREE B IGD T /& BUSE Pareto B fILbR 22 52 B 501 Pareto S LR 4 52 2 (A1~ 35) B
FERRIREE R, & — Mo Bk s RIS 5 2 R T 25 G VPN I T 1 . THE TS Y IGD BAIC, AR
FFFAH 5 Pareto Bt R 5 5 $20 L SEHY Pareto B LR EE, BMEMREN M ELY L], IGD 5
ZAS M/

1
|?
Hr, PARRILEN Pareto f#4E: S ABIERMAFEIILIL Pareto fRER; [P LS Pareto f MM SE 1K
BAMEER: G RRFIEMETITE R ENME: d,,(G.S) REFE A RENMATES H i s
[ H (R BR R S

AR bR HV RREIETHE R Pareto SRR A2 4R i % BREE 15278 BR A2 BT B R B b 225 ) PR A

I, HV K, RoRFIERSHE M2 R . BV AT

IGD(P,S)=— > d...(G..S) (15)

G,eP

51
HV(&G;)zvomme@JqJ (16)
Hrr, |SREEEHEAFEIN Pareto UM RRE MEEE: o ARMET R —EXWHKER G 5%
() Grer T BUFRIRT F7 2 FIT 46 RSP RE N7 T7 AR AR

2 4e s SP N2 &2 H Ak m 5. SP EMIK, FEME B IEIS 2 Pareto F LR 7
ity . SPitE AR WA7)FiR:

a7

o, d VTR AR L A TR A AR I P R
4.3. WEBH BB

B A% G5 R 22 A0 Ak 50325 (Traditional-MSSA, TMSSA) SRR 45 ) B — . By BN B Sl s A A BB, A3
ST TR ORES . B A ML SRRSO T IR LR PR SRS A R, K IMSSA-MRs 5 = AR AR
AT E, B REEEBES AR 2 Fis.

Table 2. Algorithm parameter settings
F2. REESHKRE

AR THESHIRE
TMSSA FHEEECE Np = 100, AMETFAY EA =50, i KIEMRIKE Max_iter = 100
IMSSA FHEEECE Ny =100, AR EA =50, foRIERIRE Max_iter =100, H HE n = iter
IMSSA-MRs BREFHILRSE =05, MAESH LR ¢=100, HKE IMSSA —#%
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Figure 4. IGD corresponding to approximate Pareto optimal solutions for three comparison algorithms
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Figure 5. HV corresponding to approximate Pareto optimal solutions for three comparison algorithms
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Figure 7. Approximate Pareto optimal solutions for three comparison algorithms
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XL =FPEE T AL, TMSSA ATCARFISOEFNE, BIULAE & & ARKE, . IGD. SP fEH & =1 HV
ik, it TMSSA HiEE FRAMFRE /1 % . Wi 4~6 fiTzn, IMSSA-MRs X} M [ IGD. HV. SP {1
T TMSSA 5 IMSSA #.i%. IMSSA Bk N A A 0 TMSSA FEF BB HLAIUGA . 4340 A3 1)k
M, HIGD. HV. SPHMAHMNALT TMSSA 58, (HARXNIRT &R P 2 it T ook, HAE
% IMSSA-MRs 57k 7. W& 7 fizn, IMSSA-MRs £F 01 & AN & 2Rl b, @GR S8 55 E
A 77 AW EDHT SR, W9k it AE ), IR AL IGD WX AL Pareto $5 M5 5 8 AMY S L 3
REFIEIEIRIG I Pareto St 4, T HL &5 1 78 A SCRC TV 00 20 A1 58 350, WERH 1 Frise vk 1)
TS SRS [ R

4.4. SR 347

N7 IR AT SRR Y IMSSA-MRs HIA R, SE8e KA 7 3E SR HE a4 R TIT R (Non-
dominated Sorting Genetic Algorithm III, NSGA-III). 32 Bl k7 15t % LI (Non-dominated Sorting Ge-
netic Algorithm II, NSGA-IT). 5t 55 Pareto it {b.577%(Strength Pareto Evolutionary Algorithm II, SPEA-
D). f&4% H brih B 08 5% (Tradition Multi-objective Harris Hawks Optimization, TMHHO). 4% H#x
fii £ 5 ¥%:(Tradition Multi-objective Whale Optimization Algorithm, TMWOA) 5 FAS B AL 7 v23E 4T 5 B
FHREFESHYREWNR 3 Pon, FEFFEREESRMIIIE 10 R 6 P4 2 S SR R
IGD. HV K SP{E#1[&] 8~10 ffizn, SRAHHIIULA Pareto s ARALEEHRANIE 11 Fos.

Table 3. Parameter settings for different comparison algorithms
3. TR EESHRE
ik FESHRE

FHEESCE Np = 100, AMBTEAY EA = 100, HOIEAR ST Max_iter = 100,
WS XA, AFRH CV=0.1, ZXH CR=0.1

NSGA-III ZH 5 NSGA-II—5
FHEEECE Np = 100, AMBTEAY EA = 100, HOIEAR ST Max_iter = 100,

NSGA-II

SPEAI IS, AERE CV =01, %X% CR=0.1
TMHHO FHEEEUR Ny = 100, AMEFERY BEA =50, AR EL Max_iter = 100
TMWOA FHEEEE Np = 100, AMBTERY EA =50, i KIEMRIKE Max_iter = 100

Wik 8~10 Pz, BEAIEACREIIE N, A FSE AL RREEGH A FHRARSII RS, I fa s
Bfl Pareto fiff. AWFFLBIHH) IMSSA-MRs, KM AR LIEE % 1 KIBENLTT 30 A A S BT a6 F
e, e IZ RIS T 5N R S T MR T R A R R AE T, A ROE S 7 HAB SRR SR
RS ARSI, HAR R ZOEARECT, W HIRAG K IGD. HV 5 SP AR T HoAts 5 Rk, & 11 45
BIER], S3Ah 5 R AR L, LRI RN Pareto HIIYEE NN 75 H ARARZE -

5. &g

DGR ORAT PR AT S e ST AR M 8, A SCHR R T 22 H B BRI 532 vk FBG A1 LM 2% 8
TR, A AR SR R E T R FRAF RIS . DA R RIS L, R T EREmGi. a5
S5 S SR A AT O, TS AR RE . SKIRSE AR W], IMSSA-MRs 5Lk B A RIFHZ
FEVE R P WS E, Xt AL 2 H AR FBG 2841 B0 1] T AT U AT R 116 e e 2 i K/ 5 M
RERE, HETTSEELUARREBE . B IUAS B Se B R AE (g e I ) B, 9% H ARAR B 2% A AL B Te die fit
—EMSHENE-
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Figure 8. IGD corresponding to approximate Pareto optimal solutions for different algorithms

& 8. REIE XL Pareto AR R AY IGD &

1.0
E= IMSSA-MRs
1 NSGA-I
091 =1 NsGA-I
1 SPEA-II 2
0.8 - [ZZ1 TMSSA ;
[ TMHHO 7
[ TMWOA L]
0.7 1 ?
4 4
0.6 ; f
L]
2
2 0.5 f
% 2
0.4 i 7 9
0.3 7 4
/ 2
0.2
/ 2
0.1 ; f
7 ]
0.0 . /
20 40 80 100

Figure 9. HV corresponding to approximate Pareto optimal solutions for different algorithms

& 9. REIEXIL{U Pareto B LAEXT A HV {E

DOI: 10.12677/csa.2025.1510260

200

PHELHLRE: 5


https://doi.org/10.12677/csa.2025.1510260

Witk

0.5
E= IMSSA-MRs
=1 NSGA-ll
[ NSGA-I
[ SPEA-II

0.4 1 FZA TMSSA
1 TMHHO
= TMWOA

1
13

0.3 1 g L

& = Tk 7

= = F
0.2 1 = E2
= i
0.1 =
0.0 =
20 40 60 80 100

iter

Figure 10. SP corresponding to approximate Pareto optimal solutions for different algorithms

10. RNEE KL Pareto BRI AY SP &

115 A IMSSA-MRs
== NSGA-IIl
110 4 NSGA-II
SPEA-Il
TMSSA
105 —&— TMHHO
TMWOA
100 1
95
90
W
85
80 A
75 4
70 A
65
60 T T T T T T T T T T T T T T T

4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36
fa

Figure 11. Approximate Pareto optimal solutions for different algorithms
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