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Optical Fiber Perimeter Intrusion Event Recognition Based on ISSA and
Genetic Algorithm Optimized BiLSTM Neural Network
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Abstract This study aims to improve the recognition of perimeter intrusion events of the optical fiber sensing system
under complex outdoor conditions. An intrusion event recognition method based on improved singular spectrum analysis
and genetic algorithm optimized bidirectional long-short-term memory neural network (GA-BiLLSTM) is proposed. First,
the improved singular spectrum analysis was used to iteratively denoise the optical fiber sensing signal and its components.
The signal contribution rate was used to determine the order of signal reconstruction, which controls the denoising process
of the signal components, thereby completing the denoising of the optical fiber sensing signal. To recognize intrusion
events, the genetic algorithm was used to optimize the parameters of the neural network. Subsequently, a bi-directional
long-short-term memory neural network was constructed to extract the spatial characteristics of optical fiber signals. An
intrusion event recognition experiment was carried out using the measured optical fiber sensing signals of six events, 1. e. ,
climbing, running, knocking, static, windy, and rainy days. The experimental results show that the improved singular
spectrum analysis, when applied to the dual Mach-Zehnder fiber perimeter sensing system, exhibits superior denoising
performance compared to ordinary singular spectrum analysis. The average signal-to-noise ratio of the consequent signal
improved by 12.79 dB. However, the mean root mean square error was slightly reduced. Moreover, the GA-BILSTM
method increased the average recognition rate of intrusion events by 5. 7% , with the recognition accuracy rate reaching up
t098.1%.
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Table 1 Laser parameters

Wavelength /nm Power /mW Line width /kHz

1550 20 10

AR T O A A BB 2L IR B 8 RIS 2R
1otk By A 2 e VR o6 B g di o, ol 5 1 [l S S ol

XPHOCER T AN R, EEOGTE LX 2R G & 1A 53
R, G SR 6 43 I AE S Mach-Zehnder 19 A 5%, 18
2X2HBE AR 32X 2GR 20 R AMT T . SR
AR A WU A AR IR B A 67 (Mg 2 7 HEER 43 )
TEAR IR TS 25 22 0] 5| A M7 25, M o7 25 Fe 48 ) ke
TG RN 2% 1 R 2 8 T IR ot .
FH O H PR I 2 P A 38 1 ) G A AR AE SOt R Y
Al LARIR N

I(1)=1,{1+ Jcos [Ap(t)+ @1}, (1)
A I O A A OE (S R R JE 5 T Mach-
Zehnder T-¥ 7T WL s A (2) R AP AR 4451 (1 4H

0506001-2



F61EFESH/2024 £33 A/BAEEFZHE

2 5 00 WG AE S WG G SN . ARFHL
{5 & — AR PR [ 7 51, SSA J& — Ff 3 4k 4 i) ]
JFVECHE A . B A A T 0 A R X
AT A SAE 4> % (SVD) L FE 44 K X R 8] 19 45 5 i 49 1F
T A Ab B, S PS5 ) e e

XFF R AE B — 4B P B U S i R TS S
B 300 R B A 3 1 S 0 B Y R 3 T R R
8 0 RIS B B 2D K AR T S AR Uk HE
51 ¥4 i Hankle %8 B 1 = o

x(1) x(2) z(n)

A= I(.Z) x(.3) x(n.+1)’
2(N—n+1) x(N—n+2) z(N)

(2)

K NIESKE , » AW O, e 1<n<
N,2m=N—n+1,HAER""" XA SVD, fF1E
EXLHEBEUER " MIEXLHEVER " flifs A=
UXvV', Hrh X SVDJaax M e = .

oo 0 0 - 0
0O o, O -+ 0
X=0 0 o 0 :f, (3)
i 0 0
O 0 -« 0 o

A ZWE TeR" ", 7T X=diag(s,0s, 04, -, 0,)
e Fon s Xt gk Lon RACEM A (RAE(H o, 77 5 3%
%E 0’126220‘32 >O'k>> Op+1°"" 2640

A ISR AR A FEA S TS 4K
WA MG R G g — AN AR N E 5
MR 75 By o AR SR 5 40 B 1 BTk RO 2 {5 5 A
BB K B IEF ok R s o & & REEE R T
I & AN 5K 1 73 5 (B0 L B9 A 5 43 1 2R R X A - 34k
1) 5 3 AT B A S A 5 1) A

MR FHM 55 e s B 5 BOC 8 A 4R
R R A MRS A AR AL R A 3R AR FE S A
M 7 R 5| AT AL AR R R HIORE R R DA O gt
(SURR 1/ M7 by 21 W 7 ) 45, 3 S IR 7 R 3 A At
W S E AN 25 0] ORI H SSA Jy vkt 17
FoME b H

38 (1) SSA 7 ik 2 W o AR E 5 B R Bk Bk
1) 36 B, 4 A 5 4008k o A AH I 283 15 5 ST R AR LR
B B, BE U S EE A B Bk T IR HE, — YK SSA i
T3l H M LAIR ) AP LR . I ISSA 7 ik AE
T Y SSA FEA X AF S g B S 4 (FFT) , 23 bt
BEThEEMANEER SSRGS 85 AR —F N
X R JE A5 S B A SR AT SSA.  TE S
BB S5 BRI SSA 1f B b B AR RO K
R T U /N T B (R S A R AR AE £ RS 5 v
FE I KRG KB 31K o #7 3G ¥F SSA 1 FEAT5 R B

{55 40 i EIAEE G 5 R — 20 WA IZ (R
5oyt AR AR ME DL i 1Y W TS A i 38 A R A DT R R
B 5 A5 5 o0 o EE A A B B IR DA R BRI A5 5 K 4
Fio ISSA ik HAR TAEJEF A 2 frs .

optical fiber signal X(t)

| ingulz
construct spectrum analysis
trajectory matrix

A 4

decompose
singular value

determine the number of main frequency
in frequency domain of each component

determine the number of
main signal frequencies
S,

nnnnnnnnnn

reconstruct each component of the
denoised signal according to the main|
frequency contribution rate

K12 ISSA J5 ik st s8]
Fig. 2 Schematic diagram of ISSA method

GnE 2 s  ISSA Mgk B2 0r i DA 20 5%

DX a(0) 47 SSA b B AR S P IR ol 5 5 2 (0)
B K B Tk B A 0 1 T K n A G AR 1R T Bl AR L A
B 0 A 00 4 AR A AR RN AR G L A R AE ) i AR R
FHXF 17 240 R W A A5 45 45 S 70 i S+ S,o

)X NE S %o = AT FFT AL B, 75 5 4%
LA 5 43 F (0 W A T ol 2 o AR 4% 0 ek R AR
il 28 Ik 0 A B 15 B 45 43 E AR

3K IR T4 W E MBS G E S —
BRGS0 Bl RAGE S i A5 LT E S
W EAEE FOCL S R —80, W R IG5
wSAZRoE MEZESTEPATPERLI2, AR
G5 F o WA S ES o8 BWAH—30.

4) L 18] 5406 I8 43 il 2R AT 3 WA R RE AR 5 1 o it
) A0S M5 5 4 i A — B, A (5 5
Sy PR L W R — IR S o /N — B ) BT

0506001-3



kR (g2 8000 ) K i L4715 5 7 it A O BR B I
5) Hol A K5 WS 5 — B 15 5 0 B i i
i L BTHR R (g™ 9800 ) K YL 41 5 = H 4 14 Bk B
U, 5 Ji #R R X P AR U A A5 5 0 i, 45 00
GNP PR AR R

3 GA-BIiLSTM #1:  2& A\ Az F 1F 5
o7k
3.1 BIiLSTM # £ X %4

JELF R 2 G0 R A B W15 5 BAT AR v A
TR 1 — e it (8] R 805 5 28 I AR SR & A AT
LT HOGAEHE Z T30 LN, r LATE A B e) {5 5
AACH 22 A K TERS [A] B A M. Y ARIT WAL
i, MR AR AT R S B AL BOG 2R B 30 (4 B B £ 5
WL G5 B AR G5 52 ARG R ITI A e
KIEH o AEAAZFAE PSR T 1T, — J 1) 4 25 I 4
56V Y N 200 (0 b B T RNN A — /S48 1) [ 5 A [m]
Tl L AT LLA% 3 Y BT 20 b B AF A R — I 24 B
DL RNN HE55& A F T 4 3855 15 a] 5 471 755 B A 56 4 i)
L AHJE S A B AR T A KR I, RNN 2422 K
BB (S B RE 175 22 . LSTM fE Jy RNN (75 Fif5i 1 |
REH A RNN (0 B AR f AT LAAE — E B BE L A ple A
FETE R, AR S B R BN B 5 AR 25 B Y
5% i AR I K AT 5 96 £F15 5 4l Bl 0
PRI, R 1 Ah 3G Bof () 7 3 S50 G £F T R R e A=A
SR TR, AR SCR T BILSTM g [ 45

Bl 3 Mg & A2  LSTM )2 A~ 2 i
B2 — )R A Z A 6 R AS A 1 2 A
JEF {55 LSTM JZ N 3B H7 47 BTG o6 8, 423 3 2
7 PR LK tanh, i H 2 R softmax 43 25 4% , 51 2< bR AL
h 52 SN PR R

LSTM O E— O
LSTM O I O
on 0
LSTM O I O

LSTM layer  full connection full connection
layer layer

1inEn

input layer output layer
K3 BILSTM # £ W 45 4544 4]
Fig. 3 BILSTM neural network structure diagram

3.2 BEEEZEMUBBILSTM HEMN%

WAL L RS (AR B W HE AR L] K R R
B — B & IR T 2R R AR TR R
b A S AR B B G R A [ F R, I 3E N
i 48 2R B LR 1S R AR A

AR SCEE T GA SR 22 0 245 30 500 B4 o Bl R AR

F61EFESH/2024 £33 A/BAEEFZHE

TE N PR, BT B AL 0 R & S SE R B 34,
JT AR R S 2 S S AR S oL R R BCR A
B bR FEBEBR T, LR B ORI B R R P IR — 2
Bom R RGP R — A FACER R, &
52 B T BB A FPRE R Ik 2 SR A AR R . Y
I8 B e KA B |, i Hh i 28 I 245 S5 e ) 246 280,
A 2% 280 BRI 25 BILSTM #2482 |, {fi A A= =R 1
PHRASF B B4 . GA-BILSTM #2545 25 #4 (1)
AR AN 4 FTR .

Al LAE H, GA-BILSTM #2825 43 A 3447,
SRR BR AL B . GA-BILSTM AR FH RS, %L
Pt T A B oy A A A A R e AR R B AR R 4y, Rl
A3 BB SEAE N I S0 4 2% 1 B A GA-BILS TM #
Gy 2 B G AL TR O AL A 20 2% A R REE — IR
YR Ak I B A5 B 5l A AR S 100 ) e T 4%
¥ 28805 A A TR0 38 40 s 2 R A5 30 A o 1R ) 4%
SEN SRR BILST M #1 28 ( 2% 58 B A AR S 851 .
4 ANZFHRH 5 R o B

S0 SR FHEHE 19 2R 35 b O £ 1 B A Sk i AT L
SCHG . RN BEsh ah ERS KK R 6 Rl A
THEAT LR S B R TAE I B gh i o S8
N B3 TE G 41 A% T 25 8] B AS UL AH B AR AT R, B S LK
NN R e a1 o S = W A AN (OB B2 S N
SR AR B AE S, o Rl SRR SRR AL N R R
A5 IRE
4.1 ERIYR

HCLF (55 1) R R ISSA Jrid , 1 T 6 Fli {5
50 25 M YR AR TR LA o w AR T o B B R
FMERROR o XA AR S R ARy 5 MHz, X
ZAR 5 AT SSA Zr b AR 4 A5 45 1 8 3500 3 54538 1Y
KN 50,153 6,

WA 6 J s A 5 B0 B 1 A SR 5 AN K,
ARG5S 90% DL E . SVD hig k& SEMR R ME
SomfRESHFLENT BN RERENFS
Sy ] L O RS L XZ MRS K HAR T & i AT
FET 2081, 45 255 & an 1€ 7 s .

B 7 Ca) TN A5 5 BB 5 Bk E B AP
A7 B AT B KUk 2y, 4833 W A L B AE AR mlE T
m 1 7 (b) T, {5 S AE R [ 2 AR A — DA, b
FHE—DNEROEETH, B TOLEFESEFRES,
FET J5 U fH Bl — & A =055 T DLx %748
IR L Yok =T 1 A1 v (== o S O R O

w55 40k SSA JE R S0ME S it 51
Sy A BN E S s . HEI S AT, A 26 5
O EATAE 1N, 2345 B B ATAE 2 g, 1A
G A fe 3. HIt, 26 S FF0E 1A B g
HoorE BN SERES 35 Y R AT
HAAF 5 E WA F — IR SSAMFFT HE (5%

=1
=1

0506001-4



F61E5E5

GA-BILSTM

HA/2024 £ 3 A

intrusion event recognition |

I
I
I
I
f
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

\ 4
construct BiLSTM
neural network

4
train the network
with the training set

4
test network
with test set

end

2 4 6 8 10
Sample points /10*
i
2 4 6 8 10

I
I
I
I
_________ |1
|I- | | A 4
| data preprocessing : : model the system initialize population
| |
I I | v
| optical fiber | construct BiLSTM v
| intrusion signal I neural network
| | I calculate fitness
| \ 4 I | \ 4
| improved singular | initialize the neural
| spectrum analysis | : network parameters
I I | > \ 4
| v I | - 4 implementchoice,
I denoise signal I | t.ram the n.etyvork cross, mutate
| | | with the training set operations
| )
: v ! v
| divide data set I : tv?ristthnteet::(s)zlt(
I : | I
I il
I | | calculate accuracy
- | I N__—dchieve maximu
| umber of iterations?
I
I
I
| optimal network parameters
[ of neural network
- ___ ]
P4 GA-BILSTM £ [ 25 U5 A AR 2 1 J 311 18]
Fig. 4 Principle diagram of GA-BiLLSTM neural network recognize intrusion events
(@ 0.10 (b) 0.10 : (e) 0.15
|
> 005 Il |I 'I | = o005 | I III g
g I |III / E ' I NIl & oos
P | ‘ | II ‘ | | o | II ,"'. H| \ I| P 2
= DI “HIIII E 0 A\ﬂH '\'II g ¢
e I I || |I I || ||I| e (Y] ' / | || &
Z 005 ||I Il I | oot | \[VINY "V o
= = !
I 'I I L/ VUV ~0.10
-0.10 -0.10 -0.15
0 2 4 6 8 10 2 4 6 8 10
Sample points /10* Sample points /10"
() 0.05 /\ (&) 015 012
M 0.10
& = 010 Il ,"‘\I If\“(\ | -
E ol £ ARl i E 0.08
£ s oosf | [ ] £
< 2 [V I = 0.06
;'E % 0 | I|I\| g
2 -0.05 | | | | | | \ £ 0.04
L 005 |/ | f I| AW z
T | l.fI ' III | {1 I/ II f 0.02
I | | | u
~0.10 ~0.10 VLW 0
0 2 1 6 8 10 0 2 1 6 8 10
Sample points /10" Sample points /10!

K5 e AR ARES

(@) BRI (b) 38l ; (o) i ; (d) S

Sample points /10

3 (e) KM (DRI

Fig. 5 Fiber perimeter intrusion signal. (a) Climb; (b) run; (¢) knock; (d) static; (e) wind; (f) rain

0506001-5

WG RBEFFHR



S 6
E @)
%,
:
g2
0 5 10 15 20 25 30 35 40 45 5
Number of singular values
£
30'4
87 [ ®)
8 03[ '|
= II
§0.2— |
[
,éo.l- |I
g 0 s R R TR R ko ki
© 0 5 10 15 20 25 30 35 40 45 5C
Number of singular values

K6 widifs s ar il a0 (a) &5 A0 A 5 (b) TR Al
Fig. 6 Knock signal singular spectrum analysis. (a) Distribution of

singular value; (b) distribution of contribution rate

>

E

=¥

=

=

=

4

-4 . . . . . .
0 500 1000 1500 2000 2500 3000 3500
Number of sampling points
0.5

=

E 04 L)

<03}

2

=02¢

So1t

Olu i Y ol b o Ak A kel M S ML
0 0.5 1.0 1.5 2.0 2.5
Frequency /(10" Hz)

7 R AR S A2 A o (a) I8 (b) AR
Fig. 7 Time-frequency analysis of knock signal. (a) Time

domain; (b) frequency domain

3.0

i
n

i
=]

Number of main frequencies
P e
= n

0.5

0 10 20 30 40 50
Number of signal components

K8 ff 57k B %

Fig. 8 Number of main signal frequencies

F61E5F5H/2024 £F3 A/ ERBEFFEHRHRE
gy EAAECS R T BB kAT
SWAE IR G , #5155 40 & FEMW A5 i i 5 5 E 0
ASEATAS — B0, WA R A5 5 43 dat v R 408 400 36l M 75 1
SHMELLA RO R R ILAE T A MR Z
VIR A0 15 5 25 M A 2 B A BEAE 28, 1 A BT ik 32
(g=>80% ) Kt — W4 J5 155 o i A Y BR BT IX .
TR SR AR ES 0 E,

B8BTS A 3, N LA 18 M
o A 18AME T i IR G ER SSA 1 )
WA AN O~ 11 iR ot 8 9~ 11 XF Heml 1, {5 %
A3 U 06 1 B T IR B 3SR R 1A X LB A 5 T
VLR B A6 B0 3 B UB B 1 AR 5 R 4 M
BESSENERANBNIAERT 14 XG5
g3 18 1 F WA BOM 5 R wE AR S 0 B R, 1
LA T, BTN A IS T o M A 2 R R
KX EFERANES .

0 500 1000 1500 2000 2500 3000 3500

Amplitude /(10*mV)  Amplitude /(10-* mV)
|
=9

Number of sampling points
25
2.0 | ®)
15 F
1.0 F
05+ I “
0 = i . ; :
0 0.5 1.0 15 2.0 2.6
Frequency /(10° Hz)

P9 —W SSA A Ml % 5 20 1 AR BT o (a) I8 5 (b) A3k
Fig. 9 Time-frequency analysis of knock signal components
after one SSA. (a) Time domain;(b) frequency domain

1.0

0.5

-0.5

Amplitude /(10 mV)
[=1

|
=
o

0 500 1000 1500 2000 2500 3000 3500

. Number of sampling points
= 1.0F
“?E 0.8 L ®)
i 0
o6t
% 04
021 |
Fol D
0 0.5 1.0 1.5 2.0 2.5
Frequency /(10° Hz)

B0 PHUR SSA 5 Rl {5 5 20 S 47 o () B 38R 5 (b) 45T08R
Fig. 10 Time-frequency analysis of knock signal components

after twice SSAs. (a) Time domain; (b) frequency domain

0506001-6



£ 5

E @

s 0

S~

<

2 5f

=

5 ~10 - i L L i L L J
0 500 1000 1500 2000 2500 3000 3500

e Number of sampling points

E 5

i 4-(]))

=

T 3r

@

g 2t

21t

|- S, Y i : |
0 0.5 1.0 1.5 2.0 25

Frequency /(10° Hz)

P11 =0 SSAJF il A5 5 70 A A o (a) If 3k 5 (b)) A5 35k
Fig. 11 Time-frequency analysis of knock signal components
after three SSAs. (a) Time domain; (b) frequency

domain

S5 M 3R ISSA T v A3 38 19 SSA T 1 X R 4
27 6 B A ) 2 0 S0 AF 5 AT 2 MR Ak B AR BIE S
) 2005 W L AT B iR 25 3k 2 s o

DN 2 v BHiE T AT AR SO ik H A Y SSA D Tk
FMe A W 3 P ERR IR & T 12,79 dB, P
I r ik 22K . BAAAE T MW KRGS MU
I, KRGS B CE SR Z o B0 R UR T L

F61EF5H/2024 £F3 A/ ERBEFEHRHRE

R Z S5 A2 W g RN AR FAAT T R AT 5L A
4.2 RFIEEES

A% SCR ) 1 S 50 B0 SR R S 5, S = Ok AR
JA R R G R AEAN R AT 8RS 5E0 Br 58 5
P, SR 5 200 o BG4, S50 DR IR B HE 4E 4 o 6 N L R
HAEFH T 2000 NEIEFEAS B FEARAL S — D FEA S
1000 Y BEAS SCHF, — 35 12000 S B PG FEAS . f5e I )
JH ISSA 32 X7 Fr A7 B4 6 A E A7 25 MR b 31, 75 3] 6 g
i M E R 4 .

R T U A 8 K 3 R A% P Ak B T A YR
B Sty LA 25 09 25 SR RS BE R VR 48 B, BEHIL AN 25 W S
AR A B 0 A R L 6 Bl [R] 28 AUAE 5 4% 100 41, Jorp
420 A R IR 4E 180 Ak X 4E A7 52 56 . ZEFD
FERLRE A 30 B, 2 AL R B IR % 24.72.,120,240, 43
A GA-BILSTM #if 28 W 2% Fl GA-RNN #1750 ¥k
AR FAFRE . AR F B SR E 12 fER .
1] 12Ce) AT, S AL B 120 IREF, GA-BILSTM
P MED LB R T HRE R, R ERE T
0.92% , 1 GA-RNN 7E 200 ¥ ¥ Ak i A4 35 3] f% 55 382 51
R . TS R LUE s e e Bk ok b T 15 48
Pl 25 X 28 A 2 500 I A0 28 56 1) Bl AE — Rk
At B T8 A U 2 T AR S 0 R A P 2 25

SR P IR L

F2 SSAHISSA EWEHURN
Table 2 Comparison of denoising performance of SSA and ISSA

Denoising method Signal type

Average signal-to-noise ratio /dB

Mean square error

Climb 38. 6304 0.00160
Run 36.2612 0.00190
Knock 30.1120 0.00210
SSA
Static 42.0467 0. 00052
Wind 40. 4972 0.00140
Rain 47.3670 0. 00054
Climb 50. 8602 0.00120
Run 47.1619 0.00160
Knock 38.8160 0.00230
ISSA
Static 58. 8285 0. 00027
Wind 53.9244 0.00081
Rain 62.0710 0.00018

%11 GA-BILSTM ## 25 % 2% 1 GA-RNN 7£ A [A]
AL BT #E47 50 WA AR F 048 B R ] 15 8], ~F- 34 1R 531
AF )N 3T/ o Fh e 3 RT AT, R e [) B 2 1 A 8L
R 184 o T 4 T, A8 SR AR 120 YR, P50 I ] B 28 BEA
JESEBRAE B R . & 12 F1 5 3 AT, 7 [ 45 i Fb RE
FLBL A AL R BT , GA-BILSTM 1 25 M 4% 19 1 51 K
FERBEEROR = T GA-RNN,

MR b3 S5 76 S i A (R 50K B R 1 B fa]
HAE BT, GA-BILSTM 532 (%) F i AL A 152 &R 30,

TACHUA A Fh HE 19 80 %6, iE AL Bk 120, 28 S HE Ry
0.1, kB 70% B FE A% (8400) 1E 4 Il 2k £ , 30%
(3600) FEAAE Rl A2 AT 52 55 . FEZRad 120 Ik itk 4k
Jei, B AR B 98,140,332, 43 B X N BiILSTM Al
EERE L AERZE 207 BB R B AR A
H# GA-BILSTM #fi 28 W 4%, Horp — Rk Ak i 72 v il hiz
JE T Rl 6 an [ 13 i, 1T LA 31 3 15 B0k A AR
ARSIy I
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Fig. 12 Recognition accuracy of optimization algorithms under different evolutions. (a) 24 times; (b) 72 times; (¢) 120 times; (d) 240 times
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Table 3 Neural networks recognition time for different evolutions

unit: s

Recognition method

Evolved 24 times

Evolved 72 times

Evolved 120 times

Evolved 240 times

GA-RNN 1.62 5.66 8. 37 15. 83
GA-BILSTM 1.38 4. 14 5. 68 10. 44
0.60 confusion matrix
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Fig. 13 Fitness change curve climb run knock static wind rainy
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Fig. 15 GA-RNN recognition effect diagram
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Fig. 16 BiLLSTM neural network recognition effect diagram
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Fig. 17 GA-BILSTM neural network recognition effect diagram
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Table 4 Comparison of recognition effect of different neural

networks
. GA- . GA-
Signal type RNN BiLSTM )
RNN BiLSTM
Climb 78.3 84.3 89.4 96.9
Run 56.1 83.6 94.3 98.8
Knock 52.5 80.2 91.7 99.8
Static 76.0  89.6 92.1 99.2
Wind 65.6  81.7 93.8 98.3
Rainy 73.7 89.5 95.1 95.3
Average recognition
67.0  84.8 92.8 98.1
rate /%
:k N
5) én T
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[F] 5% 44 T 1 6 B AR = 05 5 AT R0 . RS ER B,
ISSA J7 ik 25 M i °F 1 {7 M b 3k 3] 51. 94 dB, GA-
BiLSTM A9 - #4347 5 R 15 21 98. 1%, A LA HE A 3500 A
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