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Underwater sound field prediction based on empirical orthogonal
function and Bayesian neural network
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(1. Institute of Acoustics, Chinese Academy of Sciences, Beijing 100190, China; 2. Key Laboratory of Underwater Acoustic Environ-
ment, Chinese Academy of Sciences, Beijing 100190, China; 3. University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract; The accuracy of data-driven models for forecasting underwater acoustic fields primarily depends on the
sample space covered by the training sample. To address the limitations of existing methods, which are often con-
fined to single sound speed profiles (SSPs) and suffer from accuracy loss due to insufficient SSP samples, this
study proposes a method employing an empirical orthogonal function and Bayesian neural network ( EOF-BNN).
First, the input dimension of the SSPs is effectively reduced using the EOF, generating diverse SSP samples via co-
efficient combinations. The method then employs a BNN with strong generalization ability to learn effective features
from limited data, forecasting acoustic transmission loss under varying SSP conditions while providing confidence
intervals. Compared with the traditional neural network, this method has smaller prediction error in the training set
range, better adaptability to unknown data, and end-to-end uncertainty quantification through probabilistic model-
ing, which improves the robustness and reliability of data-driven models under complex hydrological conditions.

Keywords ; empirical orthogonal function; data-driven modeling; Bayesian neural network; sound speed profile;

hydroacoustic transmission loss; sound field forecasting; uncertainty quantification; confidence interval
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Fig.1 Process for forecasting underwater acoustic field
ARSOHE MR AE SR B P S e 0 L s
—Ak B RN 5 FARARLNGR 5 AT T, R 58 A H
RS
1.1 HIEFHERER
TE ¥ 1 75 2 U, EOF H #8 HIAE 4k R %5, A1)
HERT LW T SRS B T B SR AE P i T, HLAA
RN ARI— BEE (R P9 N 45 75 ) O, o X
PR BOTREE B ORI A 7 3 o) T 80 7 TR b %)
?ﬁ:o %E ,){%‘ﬁ%ﬁ%%/ﬁ\ﬁ#ﬁ\%ﬁﬁ CMXN:

i Cn Cin
Cayp Cpp 7t Cyy

Con =1 . . . (1)
Cmi Cm2 7 Oy

FHVH R 0 B — 51 R R — A 7 ) T Y A o 2 4
{8, A7 BT A ) T AE 7] — R B8 ) 7 (R, X
N F5E L T A R — A T O

o 1 N

Cii :N;cm (2)

P AR BT R A €, I S5
TR AR, 45 2 P R SR AC,,.y

AC,y = Cpy =Cipay (3)
PSR R P 7 25 R
ACMXNACIIXN
Ry, = T N-1 (4)



- 1510 - MoR BT

S o

B
g3
=i
#
&
gl

X7 2556 1 R, HEATHRENE 3 155 .
Ry = FMxMDMxMFLxM (5)
Ke Dy AREERE R FRAETE A, AR EN /N HE
HIAFEIA, = A, = = A,
Dy = diag(A,, Ay, oo, Ay) (6)
K. Fopp ARFEAERT N B RFAE 0] 525 [ B EOF
25 ] PRI
Fuow =L fo = ] (7)
X f(k =12, M) M x 1 8, FrE
k By EOF FRAE ) 3, FHOXF R R RFIE(E ] A, B,
TG K By EOF 7] 25 R4 2t DX 38k P 75 3 51 1
c(z)=c(z) + Zaifi(z) ,1=1,2,--- M (8)

Krrs e(z) HEAGRFHFITH ,z & ZEKIRE,
¢(z) WV ;K i EOF Bk ; o, A EI REL
f:(z) 2h EOF =3[Rl sR&L, HA RBUEIE Ay

Ay :F::;IXKACMXN = [al a, - aN]KxN (9)
K a, R BRI TR Y EOF FAY R 4L
1.2 EHEERE

yoRo T T O N 7R 8= R )
BELLHOP 7537358 T H. | T~ 520 75 3 3] i 5 E Ay
PRSI, TR T T S A 5, i s
il EVBCE R A B UAS |, I e B R — TR
B S B B A 7K BE 2 A, AT SRR R S A G
PRI TR RE ), (R FREE KT 2457, HoAth,
MASEOEEWME 1 PR,

x1 TERELEE

Table 1 Simulation environment settings

SR JiNgIED
FRRE/m 1 000
{55 W2/ Ha 500

TR/ (m/s) 1 600. 00
HIREE/ (g/cm’) 1.8
TS 28/ (dB/A) 0.2
SR E/m 1 400
FWOK -] BE/ km 2
WG 2575 FEl/ km 10~90

BELLHOP % T 42 FHS T3 S 05 B 17 1%
T, Qe 2 Pis , HAg 3 BERE B A (LR
1.3 #HEEH—&

3G SRAR R 17 AL RE T, AR SO i A RRAE S e
TIH—ALAb B, X EOF 44 2 K0 43 W it 25 X
4 AN NFFAE | R Z-score BrifEfb T, B

A,;Z(X—/.L)/O' (10)
s X N5 ABURE u AFFEYIE ;o 9 RRE R E
25, PRUEAL AL FERE IS BRAS R 4 B AR R 25
T B RRAE (A 455 28 b o 2 A ke G s B 01
KM%,

5_
10F
=
<
= 15k
"
IS
20
25F
3% 20 40 60 80 100 40
20 /km
B2 HESG

Fig.2 Simulated sound field
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Table 2 Range of the EOF reconstruction coefficients
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Fig. 5 Spatio-temporal distribution of sound field compu-
tation errors based on EOF reconstruction of

sound speed profiles
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Table 3 Value ranges of EOF coefficients for two training

sets
YL FE1BEOF 25 EOF 553 B EOF
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Fig. 6 Learning curves of FCNN and BNN
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Table 4 Prediction errors for samples within training set 1
dB

R R TR R 2%/10°7 bRifE2E/107
FCNN 9.33 357.9
BNN 9.85 352.5
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Fig.7 Variation curve of the loss term in BNN

I

40
----- FCNN
35 —BNN
30
m
<B¥1!
Es
=20}

1.5
1.0}
0.5

0 160 260 3(I)O 460 S(I)O 660
Il 246 % /epoch
8 FCNN 71 BNN HZ S 2k
Fig.8 Learning curve of FCNN and BNN
BRI R FEl A BE AL AR J 10 000 4 EOF
BOF RS 7R B BT R 22 5% 5 PR,
SCER A RN T TR S R4 O AP 24 48 X R
ZeFEhlAE 0.2 dB LAY, BNN B9 45K BE A, 2
MBI SO TR O A YRR S
EOF HAl RECLALHY AL
x5 WEFINEGE 2 NEINEROTRIRE

Table 5 Prediction errors for samples within training set 2

dB
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Fig.9 Prediction results of models in the training range
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Table 6 Value ranges of EOF coefficients for two test sets
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Table 7 Mean absolute error of models on test sets
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Fig. 10  Prediction results of models outside the training
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