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BAEFL 2 KR, TR PRI e AR R R M E A &
AHEARE I, ALas 7 > TR BE 2 S BOR C a1z i ]
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Table 1 Monitoring parameters of buoys equipped with sensors
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Table 2 Features selected on different buoys

B B0 BN2 BE3 B4 BHG
GX-02 Chl pH Temp Cond Sal
GX-14 pH Temp Chl Cond Sal
GX-15 Temp Chl PE Cond Sal
GX-17 Temp Cond pH Sal Turb
GX-03 pH Cond Chl Temp PE
GX-19 Temp Cond pH Sal PE
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VRIS Z B 28 A B R R, d KR XS R 2 1)
B2 5 2, ORI TR A 3380 ) o AR SCRR I 5K
BrIE 0 43 A7 1 T bm A0 B 5 R, R B S R I
50 km Jf 35 T b ok ) 1 AR HE AR I
3.2.2 A [AVRFAE LA A9 S B
153 PF b5 22 18] (9 5 B RO B OC R, A B A 2
] 4% ( Graph Neural Network, GNN) 221 WA ¥ B H 42 B
235 (A REAE o 38 2 AN DRI 5 08 422 R I R 4 11 R o i B
AR S A X H G PR AR RRAE A TR, A A5 2 () 4E R
B2 75 1R H -
SRIMT, A5 52 1) GCN 45 X AN [] 17 s A% T 25 0 3
PR 225 (R AR B P AN R, TR B FR AT SR B GAT A5 B gk
PRI 254 . GAT W9 [ 1 52 ML 38 X6 AH 4B 757 5 0 FF
TE AT AR N R fifp R AH 4R 59 8 2Z 8] A AU [R) 8, A
T BRI BS540, AT B AR i .
5 GCN A b, GAT HA W4 1y R % 1, JLH 27 AL
PRZE R 52 Ze RN AR a8 OC & 09 B ECHE 5, GAT 38 #g
RN E A2 R, GAT BIE5/ N E 6 firs .
P 3 0 )2 %) i N 2 Y K BT 2 ) 4 42 R
AFVRFIE A 4 X -
X ={x, X, , Xy}, X; € R™, (4)
K NS, m A ARHIE R BE, ook A K
TIER 4%
223 — )2 GAT $& BURRAE 5, S b 250 - 3008 e
PR I A A R B X
X ={x/, %, ,xy'},x/ € R"™". (5)
P ) 2 8 e P A A R B W, e A I
B AR IR e 5 380 s 4, DAARAS 2 08 A FRIE RN G T -
SR G XA PR AR R TR B R O ALH oo TR
J1F K ey, BVIEAR jOYRRIEAR X P 1Y DT BR Y,
e; =a(Wx, Wx,). (6)

T R 2 ARV R AN IR AR5 A I AR 2 AT
TR B TR SR R0, TR AR AR R i A
A AL, UG O 3 TR AR i 283 9 AR
JoJ € Niy e NJETERR B AR AR 4R 45 o ASSURETY
AT AR RIS RO PR AR B AR BB A, XA D)
FCEAN R PR AR Z B B DG 2 o AHAR TR A I R ) R 8K
i FH Softmax PR 5

a; = softmlax(e,»,») =

exp(e;;) (7 )
Z exp(es)

ke,
WG aft— 7 Z40a" e R I B2 F 5 p
25 M 2%, R H Leaky ReLu 1 h 00 pR £, FLA T
e;; = Leaky ReLu(@ [Wx; [|[Wx 1), (8)
exp(Leaky ReLu(a@' [Wx;||Wx ]))

a, = soft max(e,) =
7

Z exp(Leaky ReLu(@ [Wx, |Wx,]))
i (9)
FR A 3 7 1 28 80 a6 i A ERAIE B4 e 0 ALAS 31
i M RRAE, R TS R o 19 B TR AR BT R AE

x’z(T(Za,-ij]) . (10)

PR AR E M, GAT i3I AT —Fh 2 ki
B ITHUHL, A ZALE 73 50T B m A 23 (8], I ad
SR EHEX A R AT PHE, A A

X =0 (;iZa’i’}Wx_,) ,

m=1 jeN;

(11)

Ao ap AR O] jAE m 25 0] N 3 R ) R B

2% GAT )2 B8 5 AR HE 50 B an 1] 7 it 7, LA 4
TEEIE R BT AR Z R 25 254, Hrp s T
FEANUE BN FEAR AR OC R, RAE 1 PR AR 2 [H] 1Y AH B
EH .

4 TR SRR R TR AR AR

25 1ok 23 ()RR AR 5 15 21 3% 5 it 50K it 2 808 1k
) I AR A R A i, Ay i v IO 85 1% T 000 4 -0l /> i 1)
[0 AR YT — e T R AR AR B A o)
P M 4% (Gradient Penalty for Wasserstein GAN, WGAN
GP)e21, Sy i — 25 4t v B o o 2l 5 A LG K
R, £ WGAN_GP AE jlide M4 i 25l E38hn 7 fiER)
ML ( Self-Attention Mechanism, SA) 29, A% 3 ik i J
) SA-WGAN_GP #E BRI Z5F 4N [ 8 fi7n . SA-WGAN_
GP WA LM 4% G 51 A T 3% T 0L 1a] [ TH 16 248 ) 2% (Bi-
directional Gated Recurrent Unit, BiGRU) #Y7F & S #L i,
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Table 3 Distance relationship between buoys (distance/km)

R GX-02  GX-14 GX-15 GX-17 GX-03 GX-19
GX-02 0 3.34 51.80 5922  61.16 7148
GX-14 334 0 4873 5622 5810  68.36
GX-15  51.80 4873 0 7.98 9.39 19.80
GX-17 5922 5622 7.98 0 3.03 13.61
GX-03  61.16  58.10 9.39 3.03 0 10.88
GX-19 7148 6836 1980  13.61 10.88 0
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Fig. 5 Topological relationship between buoys
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Prediction of seawater dissolved oxygen concentration based on
multi-buoy spatial multi-feature fusion

Zhu Qiguang', Shen Zhen', Li Xiang', Wei Zhen®, Qiao Wenjing', Zhang Linsong', Chen Ying’

(1. Key Laboratory for Special Fiber and Fiber Sensor of Hebei Province, School of Information Science and Engineering, Yanshan Uni-
versity, Qinhuangdao 066004, China; 2. Key Laboratory of Measurement Technology and Instrument of Hebei Province, School of Electric-
al Engineering, Yanshan University, Qinhuangdao 066004, China)

Abstract: Dissolved oxygen concentration is one of the important indexes to measure seawater quality. In order to
grasp the change of seawater quality in time and reduce the risk and loss of seawater pollution, it is very important
to establish the prediction mechanism of marine water quality parameters. Therefore, this paper proposes a predic-
tion model of dissolved oxygen concentration in seawater based on temporal and spatial information fusion of buoy
Networks and Generative Adversarial Networks (GAN), which aims to integrate topological information of buoy
networks in the monitoring area and realize multi-feature fusion of buoy sensors. The model uses the Graph Atten-
tion Mechanism (GAT) to mine the influence of different nearest neighbor points on the target node and calculate
the weights of the adjacent nodes, so as to capture the spatio-temporal characteristics of the buoy data. The two-
head attention mechanism and the two-time-scale Update Rule (TTUR) were used to optimize the GAN prediction

network and the network training process, improve the training speed balance of the generated adversarial network,
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and improve the fitting effect of the generator network. The mean squared error, root mean squared error, mean ab-
solute error and R-Square are used as evaluation indexes to compare the model prediction performance. The results
show that the evaluation indexes of the proposed model are superior to other models, and can effectively mine the
spatial information of multiple buoys. It overcomes the shortcomings of traditional methods in the prediction of dis-
solved oxygen concentration in seawater, such as low accuracy, inability to flexibly use historical spatial data, poor
training stability and slow speed, and can provide important technical support for marine water quality monitoring

and prediction.

Key words: prediction of dissolved oxygen concentration; spatial multi-feature fusion; Graph Attention Mechanism; Gen-

erative Adversarial Networks; Two Time-Scale Update Rule
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