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Abstract A wavelength detection method based on gated recurrent unit ( GRU) network was proposed to
demodulate the central wavelength of overlapping spectra in fiber Bragg grating (FBG) sensor networks. The
proposed method transformed the wavelength demodulation problem of overlapping spectra in FBG into a regression
problem and considered the sequence and spectrum characteristics of the spectral data. To learn the spectral data
characteristics and train to achieve the corresponding wavelength detection model, the GRU network was used.
Thus, the overlapping spectra could be quickly and accurately demodulated. Experimental results show that the
proposed method can overcome the precise demodulation problem of the central wavelength for partially or
completely overlapping spectra of FBG sensor networks. The test results with root mean square less than 1 pm
account for 88.2% of the test results. The detection accuracy and stability of the proposed method provide enhanced
results compared with existing demodulation methods. The proposed method provides a novel way to improve the
multiplexing capability of FBG sensor networks.

Key words fiber optics; fiber Bragg grating; wavelength detection; deep learning; gated recurrent unit network
OCIS codes 060.3735; 060.4230; 150.1135; 280.4788

1A = R & LT S v 2 T REIRARE T
{18 s 03 3l RE B e (62 A% I R H R AE BT 2

JCEF AP (FBOO AL e AE h —Fh B2y W AR TR B N REFTHRCAE L WY,
Jerp i B SO B TR ABUN I E M, 2R AR FBG AR IR AR B I R 2 — . o Tk

Wi EHES: 2019-11-13; 1EE B HA. 2019-12-01; RABHI. 2019-12-16
ELWAB: BEXRHAR %S (61703106, 61703105) fiA A AR =540 LW H (2017]J01500) (46 A BB T i 4F
BRI H (JAT170107) AR @4 WAL E 4F H AR B 22 3 & F 5 00 H (JZ160415)

“ E-mail: chenj@fzu.edu.cn

0706001-1



% {5

(WDM)1EH FBG £ i 5 Fl #5497 52
ZR FBG &8 2% v i) 45—~ FBG A 4 H 2har
AR T AR DX 8 K40 433 =22 1) B B L 5 DK S 80k
O I T B G ] A, 4 2 il A JRR A TR 4% 1 A T &
R e BRI T A B AT
() FBG & FH%CR , i 15 FBG 14 8 W 4% 1 42 1 fig
Z .

UTAES N TR FBG 14 8 M 45 1 & 1 fE 7
SR AVF FBG W 45 v i 41 3% B &0, Ry bk g Y
B O R AR T 51 K R e R T 2 A )
B, BT RR O AL B B FBG Hhc I K A O v
P ZOTE IR OGS 1 S ECE R A R R
FH AL B DA G T [ 05 4 Ry A5 D G £k )
B, Shi BRI L S IE (GA) LT £ FBG
oot A E BRI O T IEKMIE,GA LA A .
28 X J A AR AU AR W 1R AR A O R Ok B 2 A A e
fift AL FERT K . 24y L (DE)Y Bk B
A 1Y) 4 JR 48 R BE 7 R AR R i Wi S0 B L R R
KM FBG SOG40 & TR ERE . kTR
(PSO) J 1% RE % 47 230 Hb fift D 52 2% 1) P Ak 1) 8 LA 4R
T B b ok B0, B Y T FBG A% B K i 1
a2 B A SR 2 A O A I R 2 B B R
. Qi EMEEA T PSO M LR k (SA) B ¥k
K FBG 4% J8% o 28 v (1) A3 B Ak 0o e 4, 385 T ik
KR i 4/ SRR 71 . e K R R B AT A%
BB T DT I 43 A 2 AG I B 00 B K i R 7
PP L % AR AE A B ] A B GALPSO
SRR EA B A AR TR I B R RE A o i K
FBG 1% B4 14 06 1% &8 43 1 & ol o8 4 & & i iy ot
W o FLIE il 5 A5 JER 28 B0 1 3 o 3k Ak B T
14 b FE B E] A BB A B0 5 = RS BE L S T KR
£y S At

Sk T G S RGN L LA 2
(4 7 5 7 | AR ik DR S i 8 2% R 19 ik 081 [ R
SR AR T e R ARG T i) A Ay A v [T ) )
R0, R fe /0 — 3 S ) BHA ML (LS-SVRO M A
e B 2% 2 HLCELM) V' &5 2 5] B0k X S 3 A A ik 17
3 HEST AL 4 [0 DAY R I G A% R 3 £ 7
PSR AR R . AL GEHLA 24 2] 7 B K R 307 O
FROE TS 2N T4 B, o MR 45 22 , i TR B 2 ) 2 ol 5t
2 J2 45 45 k0 S BN B REAE Y B B AR R, 1 Tk
TERRIEZEAT - A S FE S IR E 2 T AR %
751 2 B ER R 25 I 4% (RNIND 7E AT 2 91 85080 4
M A B IR A O3 8 TR SL e Bl 12 .

AR SCHE Y — ol T A T A O A 1] A9 B B
JTE(GRU M4, GRU & RNN [ —Fhas kL7 f&
il RNN ZEXHK 828 ) if, i TR 6 . & 5
FOG AT B 10 27 >0 B8 T3 A I BIAE A K 0T A )
A O GRU 7E4£ 48 RNN B SEal L3 1717
PE BT, ik RNN RBAS 35K I id 12 e Iy, T 4
HOBCHE 9 FR1E . GRU 25 kg AH XoF {7 2, 2% >
P, J& H AT RNN e A sk Bk Zz —. FIH GRU
BT DF9E T B S FBG MG RE R, 76 X6 18 %
PN gt e v, HE A7 T 4R FBG OGS B E &1
A5 PG F s T R R R R L 3 g 3% R R T DL W
R R AT A E S FBG G b o k.
A L A% B8 35 T 1Ak R0k 4 A R kL T 4R O T AR Ak
HVR R R RS B K &R RE O AF O T A W B
2Tt

2 AR

2.1 FBG EENEMIARIE

S R IR B WDM ' £F A5 F7 4% Ol Al 4% 2% 1)
ZESHME 1 PR, SO ORIE A A S 43 dB
TR AR — A 1 X2 4 WAk A FBG £ B X
2%, %5 FBG 1 B 28 [l — B A% B ) A% Hiy 22 W) —#
B I OIS BT AL COSA) SRABE B # E 17 R BE
OSA T 3R B Ot 315 SR A 8080 5 9l 1% 338 23 5 6L
(PO Ui LATF i — 0 40 8, £ 588 WDM 23K FBG
& 8% W 48 v 1t 45— A FBG #1464 B s 19 TAEIX
35, AH QI3 2 8] BN T, 3™ R R ] T AL IR
MRS . N T SR R R BR A BT 2
PR 2 A 75 A4S FBG G & &, 51548 WDM
LT A PSS A% 8% I 28 A L L E TR] A B A0 3% 7 T
ZMETF L AR 1 A5 FBG 1L R #, B A2 fig
TRFZ KW 2 £,

FBG et EESE A E 2 frR . 4351 8k &
B G EE N LR EESON., FEES
SIS BT R 6 1 43 B AT LS B P AS FBG
(I 561 AR T FBG & B 1 oo K i B
ANTE] S HE DL IX 3 Hois P K T 8 T 3X B4~ FBG B 96
—A~ T 530 FBG 5 mhat I 4 R DG B 14 15 B 5 T
FEE ZOGIEE O, A GG IS 2 (B AH B R, %
5 (1% W (ARG T 5 32 X LA Ak B 3% B9 B e G 1k vE A
Hi X 43 B FBG 19 B 38 06 1% 1 W {8 % < o PR 0 £
FUAS G e o] 80 4ef 75 30 i 8 R T FBG % /8% ) 2%
S RE AR T 0 EAT S AR SO OGS 1 K
fifp VA ) R0 A e Ay Al £ 1 TS 1) RS, R GRU M) 4%

0706001-2



ot % % i1
s = _ FBG, FBG, FBG,  FBG,
/broadband | /3 B 172 beam||
\._source |/ 4 splitter |||| |||| ||| ...... “Il

OSA

Bl 1 A IR WDM Dt 2F A f A% 6L BRI 45 45 1

Fig. 1 Structure of series-parallel WDM fiber Bragg grating sensor network
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Fig. 2 Overlapping types of FBG reflection spectra. (a) Non-overlapping; (b) partly-overlapping; (c) fully-overlapping
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Fig. 3 Wavelength demodulation architecture of GRU model
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Non-overlapping 1550.5996 1551.2996 —0.7000 0.2629
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Fully-overlapping 1551.2004 1551.1992 0.0012 0.6338
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Fig. 10 Cumulative probability distribution of RMS for
different methods
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Table 2 Performance comparison of different methods

Cumulative  Cumulative

Training RMS / probability of probability of
Methods
time /s pm RMS less RMS less
than 1 pm than 3 pm
GRU 3128.7 0.8325 0.882 0.949
LLS-SVR  17290.0 1.2063 0.749 0.968
DE 1.9122 0.267 0.887
PSO 2.4037 0.264 0.846
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