5540 5 2 W) e OB % 9E R Vol.40  No.2
2022 4F 4 f1 ADVANCES IN MARINE SCIENCE April. 2022

BP #1 RBF & WM& M A FiFREE
= B T B R X Lk

FTETEMDEH G R
(1. HF R Ashfbpi, LR HFEH 266071;
2. HEARGEIRF 5B — s, IR 75 5 266061;
3.IARE T AR T ALRE, LA H& 266071;
4. ASRGTVRIB WA AR SEEBI M E SRR, IR H 5 266061;
5. INARB M H BB SEEB M E SRS, IR H5 266061;
6. H G HERIE SHE AR E RSN E KD % SEEEDIIRECRE, LR &5 266237)

W E. N T A¥EEIEE (Sea Surface Temperature, SST) 1 % #h J& (Sea Surface Salinity, SSS) %% 3 AT ¥ # By
B WA, 2T % 3 i o W AR SR B 0 3 kR o i & b E B4R LRI R R 4 48 (Back Propagation, BP) fu 4%
1 % # # (Radial Basis Function, RBE) W # # 2 M 4 5 & PR T A TN . H 4, EFMEKEZE N 5 d oy fFa
T ab o B I S K By TR 4 R 89 1% 2 (Mean Squared Error, MSE) , ¥ 1 # & DL 20 d & S0 3 #% 42 48 & I %
EWTMNERH T RERAD. )5, U PAPA SE M FARKI oy 2009 4 1 A .4 A .7 AA10 A& A 87 20 d g
EBAEE NN G E, 25V % BP M RBF w2 WM& B Fir2 w2 MAEEARATA A% 21 £25 BeyE
BEFN, 2RELN .BP A RBFHE ML A ARTNER BB LB FFTELA .2 RBF # & W 4 X F B W
et B EEATNZRETBP WAL, 3 A R|ATMNERH - FRIET RBF & W EH A LA REW
EREMEGHEHAME, RBEMAENEHATUE BB EBEEHTRAIAEHITE,

KA :BP M & M 4B ;RBF #2 W AEA g WM F A R ERM; R BE R EH

HE 4 &S P731.12;P731.11; TP183 XHARERL A NEHES:1671-6647(2022)02-0220-13
doi:10.12362/3.issn.1671-6647.2022.02.006

SRR 2 TX. TEM.INEH,. £.BP M RBF WA WL N A TR B R EHTUBRA T &3 F3#
JE ., 2022, 40(2): 220-232. L1 Y M, DING J H, SUN B N, et al. Comparison of short-term prediction effects of the
sea surface temperature and salinity based on BP and RBF neural network[J]. Advances in Marine Science, 2022, 40

(2): 220-232.

20 THZL LA R A BRI e A 3T A i U B R R0 I PR R R AR A &2 2 . B 2
A8 1 P PR 857 A AL T 0 s N SRR T AR I BE 0 5 B LA LE AT B MR B B R A i
P LI - BE o TS UL 2 s ] ) ] H A A ) 45 S A S i TR o 0 5 0 D TR S A 3 R B B
B, SR LI il [ 5 e il o I OO R A LA K ) T 5 | RE UL RE D AR AR A S B
B2 WLy X5 96 T PRSP AR AR ) 5 o Y S R UL I 19 2% v o B A S T A UL R R O
i 0 ROH 5 TR BE 23 BT T D 4 BRS80S UF 5 98 T 9 3 T RN S T Al A% U 3t A 288 14 K
R S

T LI 37 A A MY 22 2 ORI T ARE B AT 1 A 8 P PR D 2 AR A L AELR T N T S L

i B 2021-11-04
FEN B BT KRR A LT Y S R X (2018 YFF01014105)
EBBN W5 (1996—) Lo W E P50 A, 32T 8 R #5215 A5 808 BB TSUN 43 87 77 AT Y. E-mail: 516553884@ qq.com
FBEEECE RA972—) L RS G BV SR B R 5 R BR R B 7 5T, E-mail: gsh30@163.com
(£ # D)



2 1 AESE 55 BP A RBF 22 9 26 )i T ¥ 2 T 4 6 300 T 00 280 2R 0 He 221

i 2 DA A EE T S R RCKE R AR B AR AR B AR T NN T PR B R AT WO Y T oK . A T
TOUI T 5 Vg P B R A N R] 5 471 Jact 300 0 00 T i T {8 SR DR 3R T S RS i 0 X R O, {H e 40
(1) 5 X1 L T AR AR M AR 22 4 ORI L 5 58 TR B8 A A 458 ol 4 T T EL A AR e A o FH A 1L

X 24 K 22 B0 R SE RO B R B B ) R G AR R I ARt AR P AR U E R E . M RGEKEER
AR ST FEAE R AR T T B 08 D0 5 ek iy Bk () 3 27 32 3 B iy 5L A i 3 sl o) 00 1k AR Al R v . R Tk 2 g ) &R
St . 38 5 A GE T P 2R a8 A0 4 v S50 3 e I R S0, B T AR S P AR A BROE A RT RS BRI K P
R ARG 38 a R B AR e 5 2 43 AR 4 AR R 1 AR SRR AL X R 8 T 4RO U RRE 5 A i RO
TR PR AR T ASES A T AR . R B 22 AR 50 20 ol 2 I 4% TR 92 I P 1 A0 4 R K S A AR R T 45
B, H UL A2 4% TR A 45 i ) 1% 3% (Back Propagation, BP) #148 R 4% | 4% ] %t oK $ (Radial Basis
Function, RBF) #1228 /2% F1 2% 43 H [0 9 %% 3 F 28 Y ( Autoregressive Integrated Moving Average model,
ARIMA) &5, ML ZF W9 80 ) 24 T i 75 22 R B3 S AL X B AR 07 22 3o O R R AT 1 s ) AL 40, B 75 3
AR O BIF 5% 3 AR KO I SR AR v . TR R X 4 vk A T B D i WCSEGHE B R L ELA R S A U A
AN IEAT I [ Ak 0 AR A0 S IR X TRT SR 7 30 A1V K IR R TR I R AT 5 v Ok 8 3k

T BP #4825 F I AL AR AR B 04 DTk AR AT T LR ORORS TR A B R U B0 M R AR R . S E R
SELPIIL T RBF 28 9 48 A5 70 3 N7 T 16 /K 5 B 0 T00 O 9%, - UE B T2 SRR AL T BP 2R I 45 AR A i S
JEE R R R N SR T LA 2 2T 1 S AR A O R 1 B R R AT RO B AL sl R TR
BB 2 57 BP A 28 9 26 T ASE 78 17 1) B8 45 S R A M TN SR AR B . U SN R BP i 42 I 4% ik T
N P 8 h 5 D) Ko+ 39K 43 R VE £R B (Soil Moisture and Ocean Salinity, SMOS) TR 4214 3 4Kk
BERIZG H T E M5 ARGO 3355 S 48 B 59 34 7 iR 1% 22 (Root Mean Square Error, RMSE) ., 435 &
0.847.2.041.,2.028 H1 2.081, K& T =5[] 38 ALY . (ff I pf 28 T 2 SR T oo i 0 o TR B 2 ST i 2 I 2 5
BUEAGE 25 A 25 A 10 S REA i i K iR . YANG U8 il f K 8 13212 (Long Short-Term Memory,
LSTM) M2 M 26 BN 1 i i 1 d i 2 I B2 B0 » SR 1] B AL SO o] B [0 )9 B R FC-LSTM 25 5535 19 3
) 45 5 45 38 S SR 1) RMSE 28 0.076~0.399 , FIKS B2 98.49 96 ~99.58 V0 UE B 17 T 12 H 14 4 28 [ 45 131
W J5 ¥ AT AT AEL AL e 90 5090 4 2 ] 73 39 50 sy, A 900 e 3 B G

DI 9E 45 AR B 1 22 Bl 28 00 4% F0 000 6 R RE 8% A7 2800 FH 1 9 2 05 L R s [8] 7 9 B8040 A ) T4 . AR
T 7E 3 L8 BIF 5% H o SR 3B A [R5 B R 330 00 Fsf R 25 DR 3R % Y0 DR 85 1 5% i) 4t T8 A 10 B8 1k 19 22 1l il FH
PR, T RaR O A SO R BP A1 RBF P Fh #h 28 28 5 % JF R BIF 5T . LA 4R 159 — Fl B fa e 1
AR 2R, O B I i P i i 3R R I S ik

1 BE5Irk

1.1 HERR

AR EYE ok A 2L F E R i EM KA E PR (National Oceanic and Atmospheric Administration,
NOAA) 4 H SNt 1) OceanSITES WL £ 45 PAPA 35 (145°W, 50°N) | Stratus ¥ (85°W,20°S) \KEO #}
(145°E,32°N) \WHOTS ¥ (160°W,25°N) Fl JKEO 3} (146°E, 38°N) £ Z A~ IF kg vl i T 2009—2012 4E ) Wy
W, X ST 0~300 m VR BE AR BE L0~200 m VR BE Y Eh B R 9% BE 22 2 L 26 1) B ) Vg Y
F 2 22 1 R A S DA B KU AR R R R R R SR AR I B . AR SR MatLab 374 K AL R
2] T ELFE SR AT 3 0 s ke

1.2 SREHE

1.2.1 BP A2 M & T 455 64 M &
BP 1 28 ) 265 S8 — o 43 HEU 22 390 () A% 40 080 v I 25 10 22 )2 0 A5 b 22 I 285, 2 H RN FH B R T B e )



222 [RE S 40 &

R

2%, BP M2 450 23 g AR L BORUZ B =, a1
Ji7R

Xt T BEORCZ R B ek KA HE A AT LS 2 RO
i, A O

y; = f(net;), (D

A, f(net,) o FATRZ0E BB net, = D) w, @ s

XF T L R S R O PR R B T LA F
G EZSI T/ W R
I”Lk :f(netk),

(2)
Hw; (0 =1,2,m; j = 1,2, ,n) Wi A2 5 B2
BIALAE v (B = 1.2+, p) N B2 B4 HHZ B9 LM
i AMATCRA y; RIRHEZ W h TR,
1 BP 2 R 2% 25 4

Structure diagram of BP neural network
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Table 1 MSE of SST prediction results of different training time by BP neural network in April 2009—2012
i 5 d MSE 10 d MSE 15 d MSE 20 d MSE 25 d MSE
2009 4F 4 A 7.15X102 3.39X10 2 2.21 X102 2.07 X102 2.32X10°2
2010 4 4 H 6.72X10°2 4.67X10? 2.14X10°? 1.91 X102 2.24 X102
20114 A 7.35X1072 8.09 X104 5.81 X101 5.68X 101 5.83 X101
2012 4F 4 H 0.56 X102 0.44 X102 0.24 X102 0.22X1072 0.23 X102
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Table 2 The MSE of SST training set corresponding to

the number of hidden layer nodes of BP neural network
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Table 3 Mean square error of SST prediction corresponding to different training days by RBF neural network

] 5 d MSE 10 d MSE 15 d MSE 20 d MSE 25 d MSE
2009 4 4 H 3.68X10 2 2.82X102 1.06 X102 1.03X 1072 1.04 X102
2010 4F 4 H 1.51 X102 0.72X102 0.39X10? 0.35X10°2 0.37X10?2
20114 4 A 0.71X1072 6.62>X10"* 5.68X10* 5.61X10* 5.64 10"
2012 4 4 A 0.11Xx107? 9.08X 10" 9.01X10* 8.40X 107" 8.97 X101
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Fig.3  Changes of SST with time in winter, spring, summer and autumn
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Fig.5 Prediction results of SST from 21 to 25 in representative months of four seasons
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Table 4 Error analysis of two methods for predicting SST and SSS

o 1 AR EE 4 AR EE ERGE 3N 10 g RE A

T Iy vk
MSE MAE/C MSE MAE/C MSE MAE/C MSE MAE/C

RBF 1.82X10* 0.99X102 1.03X10 2 7.12X102 3.21 X101 1.34 X102 7.15X10* 2.31X10°2

BP 3.77X1014 1.50 X102 2.07X10°2 8.64 X102 4.79X107* 1.76 X102 0.32X10°2 4.50X 102

o 1 A RELE 4 A RILE 7 AR 10 HifgREh
T Iy vk

MSE MAE MSE MAE MSE MAE MSE MAE
RBF 2.64X10°6 0.11X102 5.70 X106 0.17X102 1.45X10°°6 9.07 X104 3.03X 106 0.12X102
BP 3.39X10°6 0.13X10°2 8.98 X106 0.23X10°2 2.78 X106 0.12X102 5.96 X106 0.22X10°2
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RS 2HBNUATENEREERNESXNEEXRY Fo6o 2HBMMAENERBEMNESSMNERXRY

Table 5 Correlation coefficients between predicted and Table 6 Correlation coefficients between predicted and
measured SST of the two methods measured SSS of the two methods

T 7y 1 A 1 A 7 A 10 A T 7 1 A 1 A 7 A 10 A

RBF 0.98 0.98 0.99 0.98 RBF 0.96 0.91 0.98 0.87

BP 0.97 0.94 0.98 0.91 BP 0.96 0.89 0.96 0.84
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Fig.7  Correlation between the predicted and measured values of monthly SST or SSS by the two methods
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Fig.8 The MAE of SST predicted by two prediction methods with different prediction days in four representative months
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Fig.9 The MAE of SSS predicted by two prediction methods with different prediction days in four representative months
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3-day SSS prediction results of four representative months at Stratus Station



2 34 AESE 55 BP A RBF 22 9 26 )i T ¥ 2 T 4 6 300 T 00 280 2R 0 He 229

%7 RBFHZNEZHERBEEMMREE
Table 7 Prediction error of SST by RBF neural network

W 1 AilgRIRE 4 Al REE 7 ARG E 10 Hifg R R E

oo MSE MAE/C MSE MAE/C MSE MAE/C MSE MAE/C
Stratus ¥ 0.23X1072  3.82X1072  0.43X10°2  4.93X10°2  0.57X10°2  527X10°2  1.09X10°2  6.28X10 ?

KEO % 7.10X10%  1.82X1072  8.14X107% 1.71X107'  0.19X1072  3.67X1072 0.17X1072  3.61X10~?
WHOTS ¥ 9.16X107*  2.19X1072  4.29%X10~%  1.90X1072  0.28X1072  3.32X1072  0.66X1072  4.40X10?
JKEO ¥ 0.14X1072  3.14X1072  0.45X1072  5.36X1072  1.00X1072  7.96X1072  0.38X1072  4.93X10?
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Table 8 Prediction error of SSS by RBF neural network

- 1 AilgEbE 4 AR 7 AR 10 A g 8B

wo MSE MAE MSE MAE MSE MAE MSE MAE
Stratus ¥ 5.62X107%  1.91X1072  1.48X1075  0.25X1072  1.39X1075  0.31X1072  3.07X10~*  1.28X10?
KEO ¥4 8.33X107%  0.20X10°2  514X10°°  0.44X10°%2  7.83X10°° 0.60X10°%  9.83X10°6 0.54X 1072

WHOTS ¥ 9.28 X106 0.17X1072 1.81X107° 0.30X1072 2.81X10°° 0.38X1072 3.59X107° 0.32X107¢

JKEO 3.77X107° 0.32X1072 1.15X107° 0.22X1072 1.02X10°1 0.48 X102 3.71 X101 1.46 X102
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Table 9 Correlation coefficients between predicted and Table 10  Correlation coefficients between predicted and
measured SST predicted by RBF neural network measured SSS predicted by RBF neural network
AR 1 A 4 A 7 A 10 A uho AR 1 A 1 A 7 A 10 A
Stratus ¥ 0.83 0.86 0.88 0.93 Stratus U 0.85 0.96 0.94 0.95
KEO %% 0.83 0.81 0.96 0.98 KEO %% 0.94 0.90 0.87 0.85
WHOTS 0.97 0.95 0.99 0.92 WHOTS % 0.97 0.95 0.96 0.95
JKEO ¥4 0.98 0.96 0.88 0.92 JKEO ¥4 0.98 0.99 0.93 0.98
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Comparison of Short-Term Prediction Effects of the Sea Surface
Temperature and Salinity Based on BP and RBF Neural Network
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(1. School of Automation, Qingdao University ,» Qingdao 266071, China;
2. First Institute of Oceanography, MNR, Qingdao 266061, China;
3. Shandong Key Laboratory of Industrial Control Technology, Qingdao 266071, China;

4. Key Laboratory of Marine Science and Numerical Modeling » MNR , Qingdao 266061, China;
5. Shandong Key Laboratory of Marine Science and Numerical Modeling , Qingdao 266061, China;
6. Laboratory of Regional Oceanography and Numerical Modeling .

Pilot National Laboratory of Marine Science and Technology, Qingdao 266237, China)

Abstract: In order to make an accurate short-term prediction of Sea Surface Temperature (SST) and Sea

Surface Salinity (SSS) data, the short-term prediction results of Back Propagation (BP) and Radial Basis

Function (RBF) neural network methods are compared and analyzed by using the SST and SSS data ob-

tained by multi-station marine observation buoys. Firstly, when the prediction days are fixed to 5 days, the

Mean Squared Errors (MSE) of the prediction results of different training days are compared, and then de-

termine that the MSE with 20 days of observation data as the training set is the smallest. Then, taking the
SST and SSS data of the first 20 days in January., April, July and October 2009 obtained by the observation
buoy of PAPA station as the training set, BP and RBF neural networks are trained respectively. There-
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after, the trained two neural network models are applied to the prediction of SST and SSS data from the
21st to 25th days of each month. The results show that both BP and RBF neural network can effectively
predict the seasonal changes of SST and SSS data. But the comparative experiments of different prediction
days show that the overall prediction effect of RBF neural network is better than BP neural network. Final-
ly, through the prediction experiment of multisite data, it is verified that the RBF neural network model
has strong applicability and higher accuracy, and can become a powerful tool for short-term prediction of
SST and SSS data.

Key words: BP neural network model; RBF neural network model; marine observation buoys; data predic-
tion; sea surface temperature; sea surface salinity
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