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Underwater mobile node location algorithm based on
CNN-LSTM sound velocity prediction

Peng Duo Zha Haiyin Cao Jian Zhang Yanbo Zhang Minghu
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Abstract: This study addresses the long delay issue in underwater wireless sensor networks ( UWSNs) caused by the spatio-temporal
complexity and dynamics of the underwater environment, which significantly impacts the information propagation between mobile sensor
nodes and consequently leads to large node localization errors. To this end, a novel underwater mobile node localization algorithm based
on CNN-LSTM sound speed prediction is proposed. Initially, the sound speed dataset is partitioned using the K-fold cross-validation
method. Subsequently, a hybrid CNN-LSTM model is constructed and trained, leveraging the feature extraction capability of CNN and
the sequence modeling strength of LSTM. This model efficiently captures both spatial and temporal information from the sound speed
dataset, thereby enhancing the prediction accuracy. During the localization process, the predicted sound speed values from the CNN-
LSTM model are employed for time difference of arrival (TDOA) ranging, and the ranging values are refined accordingly. Finally, the
refined ranging values are utilized to adaptively select the optimal ranging and localization method for unknown nodes under varying node
densities, based on the number of reference nodes, thereby achieving precise localization of underwater mobile nodes. Experimental
results demonstrate that, compared to existing localization algorithms such as SLMP, DMP, NDSMP, and BLSM, the proposed MCLS
localization algorithm reduces the mean localization error by 46. 96% , 39.93%, 27.64%, and 15.24% , respectively, under the same
beacon node conditions, significantly improving the localization accuracy and stability of underwater mobile nodes.
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Fig. 2 Influence of temperature on sound velocity in shallow sea
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Fig. 3 Influence of salinity on sound velocity in shallow sea
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Fig. 4 Influence of shallow sea frequency on

sound velocity loss when D=100 m
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Table 1 Shallow sea environmental parameters
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Fig.5 Relation between sound velocity

and time in shallow water

MIELS Hn] L B WL 51, 96 3 7 i I 1] Fr) 722 1
JEBL 3 ZL A ) AH SC A , I 1 B A S 2 9 2= SR 0 1k
., BACRUL, P A T IR B —AF ) fe I T
TERZEMEETE bR i, X — IR KT I A A 7
AL B 25 (A e L L PR 5 S 55 0, 38 5 1 (] [ 3
SORASC, B B A RAR G . DR, AR KR R
(5 DL AR, AR AR B — i 7 AR AT 7 L T

BT RE S SBURRIIR2E . T SElox — PR, ABFSY
R Tk AN [ R 1 P A AT 000 ke B2 TR K T 1 s
RORG R
2.1 KEHiCIZHEMNLE

KA WAz w2’ 451 (long short-term memory,
LSTM) /& XF 1 2R #ift 28 W 4% ( recurrent neural network,
RNN) ARG, B 7E P RNN 76 4 B 34 #6156 22 i 38
2 AR LT SR AR BE AR E AT, LSTM B R i R 07 T
HBIA T HLH] , 3 21454 R vF N 4 7E (R B AL b1t
PR ARG A A 4E 6] . A LSTM 4% 38 R 1 /D 7 41
A JZEI008 I 28 P BE 1Y 52 0], s AR B 7 Ab PR
e 5\ BRI IS ORI E . LSTM 2548 aniEl 6 i, 32
SRR TR RS T

1
y Y

&l 6 LSTM 254l
Fig. 6 LSTM structure diagram

FRTTHOE ¢ — 1 2T AL 0 3 S 1 1 B
5 BV 0 135 T I A T 4 50 224 I L T A
FEICIATT, AT 0~ 1 20 i th (e 1,17
B TR EEIT 0, B, AEAIN (8) TR,

fi=a(W, - Ly, ] +b) (8)

Forh, f RETIBHG W, R TR ; y,
HOER L, v, WA b, MRS IR ESE

H AT T IR £ T D A BT AL BT P L
AR . HIEAR I (9) ~ (1) i,

it :o-(Wi ° [ylfl’xl] +bi) (9>
C', =tanh(W, « [y, ,x,] +b.) (10)
Ct=ﬁ.Ct—l+it.C/l (]1)

Hop i, M ATISEG ¢ e iz ot i AR
C, NYMHEARAS s tanh A XU IEV) R %L,

i T T g i BT T B AE B I R
BER, A AR (A, AOCA RN (12) ~ (13)
Jis

0o, =0 (W, [y ] +b,) (12)

h, =o, » tanh(C,) (13)

Hrfr, o, I ITSEL
2.2 CNN-LSTM #&#4

P T AR S 50 5 R 5 B T 4 15 8 S Jezs



- 150 - LSRR R e o

VB 24 A 8, 1T 2 LG LSTM W) 45 A5 75 7 7 ] 435 A Jf $2
JrHAATERIBRYE . R T e X — Bk AR, 51 A T SRR 4
2% ( convolutional neural networks, CNN) #5751 5 7E A HY
[] 3 1) 5 T 4 BOCHE (1) 25 [ FRAIE . 75 CNN-LSTM #5784
B CNN I 5 BV A 30 A 3R 500 7 2 [R) RS AE , Bl
J X SRR P AL 2 4 LSTM 4%, ffi He g 0% ok — 2 43 #r
TRV ST N B AR 1

WK 7 B, CNN-LSTM Z5#49 &, Horp CNN-LSTM
FARL A AT I A5G0 7 50 0 I 90 2 791 | 4
FERF S Gl BEFE A0 R BE P 8 TR BEF 91 LA SR
CNN-LSTM JR-A R f4 15 11, o A5 T4 3 408 [+ I SHe ot
(4] 57 EACHiE 1) 72 T R i) 4 2 A 5, DA T 7E Ak 3345 S If
(] 3 )R8 3 AT 55 I B i R 19 3 7, JF 4 v
FEAE SRR RCR FER T

r®
iy \ S 00
N \ >
3] —w0 U
3 @ [
- CNN&HE LSTME o]
©
L@

Kl 7 CNN-LSTM %544
Fig.7 CNN-LSTM structure diagram

2.3 FEWNRE

FEAK AL B W28 v 1 e A e AT T B 58
T Z— . FEARGE BT oK A5 5 MR A 5 e e o 7 vk
b P U R A S — R (BTE SEBR A T PR AR
o TR R R W e Msh S KR R E R
AL KRS S R AP A R E 2 R, B,
TR HL T K R A, $2 T 3E T CNN-LSTM 17K
T SRS AR 3 3 T SRR A s R S
TR T A TN

WA 8 Fr7 , BT 7 s I A 20 1y 3 A0 3 43
ZH B BRI T AL 3 ARSI ZR AR B SR, AR AL B
BB, SR K358 SRR % T 4 I S B0 06 4 5 B
K153, I AR K P A5 A G R v O B 25 R AE . Bl
XK Je B R4 7 0 — A A B 5 B R [] 2 40 AV EU(E
0 R X A TR D) 25 P 5 2 5 M, DA TG i 12 A TR g A P
TOOINRS B

FERCRUI 2R B, B Ab BRUS B B 23 1 5 B0 A Sk i
A HTFUIZR CNN-LSTM R & i 48 ) 45 B ARY i A A 24
A7 CNN el 3 2% ()RR AF J7 0 A9 L 3 LSTM 75 42b B
HF PR G 2R 1 &K, BEAE [ Ih OB v B2 J S 4 1)
RN [R]G AS2E BE A OC B R JE i 2 ARk iy 3£ AR 2R,

55 38 &
g \ I (s
: P ; : [? ; : T 5
: , ! g : w
| RS ! i -
N2 W i— ef
1 ! 1 ¥ ! | 3 !
1 N J ! | ! | % ]
S22 BN [
i : 8 L )
OB L ommE U OMEEE
B R % B

8 7 N A A

Fig. 8 Flow chart of sound velocity prediction
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