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Fig. 1 Modeling process of DR-TLSTM model of Sansha Bay based on differential regression (DR) and transferable long short-term
memory (TLSTM)
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Table 1 Structures and mathematical expressions of long short-

term memory (LSTM) model
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Table 2 Main parameters and set values of long short-term

memory (LSTM) model
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Table 3 Classification of water temperature warning levels in the Sansha Bay
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i) RMSE & 5.42~ 6.70°C, MAE } 5.30~ 6.54°C, R
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I8 T A 19 RMSE 4 031~ 0.97°C, MAE & 0.28~
0.80°C, R* M 0.737~0.994; TLSTM #i #l K > 1~7 d
JK IR T {E & RMSE 4 0.28~ 0.88°C, MAE i 0.25~
0.81°C, R* 4 0.759~0.995,,
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Table 4 Statistics of the means of 100 replicates in transfer learning test
H AR LS TMAS 24 TLSTMA R (A4 TLSTMAF Y
iHIPSA' PN R
1 i AR il AR ey i AR
SR RMSE/C 5.42 5.69 0.42 0.31 0.38 0.28
MAE/C 5.30 5.54 0.36 0.28 0.35 0.25
R 0.823 0.858 0.990 0.994 0.991 0.995
EIPS RMSE/C 5.57 5.89 0.52 0.39 0.47 0.34
MAE/C 5.45 572 0.43 0.33 0.43 0.30
R 0.837 0.833 0.968 0.986 0.968 0.987
B3R RMSE/C 5.74 6.02 0.62 0.47 0.57 0.43
MAE/C 5.61 5.87 0.52 0.40 0.51 0.37
R 0.795 0.812 0.931 0.971 0.931 0.971
EHEPS RMSE/C 5.96 6.17 0.75 0.57 0.68 0.52
MAE/C 5.84 6.02 0.61 0.46 0.61 0.44
R 0.740 0.805 0.884 0.950 0.886 0.951
EIRPS RMSE/C 6.22 6.37 0.84 0.64 0.76 0.59
MAE/C 6.09 6.22 0.69 0.52 0.68 0.50
R 0.671 0.795 0.834 0.932 0.839 0.933
EHPS RMSE/C 6.42 6.53 0.91 0.71 0.83 0.65
MAE/C 6.30 6.38 0.75 0.58 0.75 0.56
R 0.665 0.760 0.783 0.913 0.794 0.914
TR RMSE/C 6.61 6.70 0.97 0.79 0.88 0.73
MAE/C 6.49 6.54 0.80 0.65 0.81 0.64
R 0.653 0.749 0.737 0.882 0.759 0.884
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RMSE & 0.15~ 0.95°C, MAE & 0.11~ 0.74°C, R* Ny
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M{E ) RMSE 4 0.13~0.77°C, MAE 4 0.11~0.71C, R*
4 0.791~0.996.,
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Fig.2 The influence of transfer learning on the prediction of water temperature for the next 1—7 days in the Sansha Bay

a, ¢, e. F IR 100 YT A M A 42 ) ML % 22 (RMISE), -39 48 53 1% 22 (MAE), $8L4 DR 1 (R W9 F- 39 (8 AR 225 b, d, £ KR 100 Yo Tl 42 MK

H9 377 4R 1% 22 (RMSE), 346 XH% 25 (MAE), 18L& TR (R?) 9 F 340 {8 FlAR o 2

a, ¢, e. Means and standard deviations of root mean square error (RMSE), mean absolute error (MAE), goodness of fit (R?) of 100 replicates at the maximum

temperature; b, d, . means and standard deviations of root mean square error (RMSE), mean absolute error (MAE), goodness of fit (R?) of 100

replicates at the minimum temperature

x5 TWMASMIKE 100 X EEZWHTFHESLT

Table S Statistics of the means of 100 replicates in variable-weight combination test

TLSTMA#Y Sl [l A5 AR TR 2243 Il A5 AR DR-TLSTMZEE Ji 5 4
TR A PN bR
iR KR e e AR iR AR e AR
EAPN RMSE/C 0.38 0.28 0.16 0.14 0.15 0.15 0.13 0.13
MAE/C 0.35 0.25 0.12 0.11 0.11 0.11 0.11 0.11
R 0.991 0.995 0.994 0.996 0.995 0.995 0.995 0.996
EUSN RMSE/C 0.47 0.34 0.30 0.25 031 0.25 0.26 0.22
MAE/C 0.43 0.30 0.23 0.30 0.22 0.17 0.22 0.18
R 0.968 0.987 0.978 0.989 0.978 0.989 0.978 0.989
B3R RMSE/C 0.57 0.43 0.45 0.37 0.48 0.37 0.39 0.33
MAE/C 0.51 0.37 0.34 0.29 0.33 0.26 0.33 0.27
R 0.931 0.971 0.946 0.975 0.947 0.975 0.947 0.975
AR RMSE/C 0.68 0.52 0.60 0.48 0.63 0.48 0.51 0.44
MAE/C 0.61 0.44 0.46 0.38 0.43 0.35 0.43 0.36
R 0.886 0.951 0.902 0.956 0.906 0.956 0.905 0.956
EIRPN RMSE/C 0.76 0.59 0.71 0.57 0.74 0.57 0.60 0.51
MAE/C 0.68 0.50 0.55 0.47 0.53 0.44 0.52 0.43
R 0.839 0.933 0.863 0.939 0.870 0.941 0.867 0.940
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EHFN RMSE/C 0.83 0.65 0.81 0.67 0.83 0.67 0.68 0.59
MAE/C 0.75 0.56 0.66 0.58 0.63 0.54 0.62 0.52
R 0.794 0.914 0.822 0.917 0.834 0.922 0.831 0.921
HTR RMSE/C 0.88 0.73 0.93 0.79 0.95 0.79 0.77 0.69
MAE/C 0.81 0.64 0.77 0.68 0.74 0.65 0.71 0.63
R 0.759 0.884 0.775 0.884 0.793 0.889 0.791 0.890
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Fig. 3 Influence of variable-weight combination on the predicted water temperature for the next 1— 7 days in the Sansha Bay

a, ¢, e. 15k 2 1k 100 YO & M 1y 24 J7 AR 5 2% (RMSE)., SF- 8548 X5 22 (MAE)., $L4 0 BE (RY) () F-# (B ANBR 9% b, d, £ R R IR 100 Y 42 i
1 351 07 A% 22 (RMSE)., -39 248 %0 15 25 (MAE)., $814 DI JEE (R) f9 57 349 {8 10 i o 24
a, ¢, e. Means and standard deviations of root mean square error (RMSE), mean absolute error (MAE), goodness of fit (Rz) of 100 replicates at the maximum
temperature; b, d, f. means and standard deviations of root mean square error (RMSE), mean absolute error (MAE), goodness of fit (R2) of 100

replicates at the minimum temperature

o6 REAMXM 100 RESE WM EHES T
Table 6 Statistics of the means of 100 replicates in sudden change point prediction test
TLSTMA Y a2z} Il AR IR2E 57 Il DR-TLSTM# i
TR NS
Wil RAGE R Al el Rk Ik e ik R

EAPN RMSE/C 0.44 0.29 0.42 0.32 0.40 0.34 0.35 0.29
MAE/C 0.40 0.39 0.36 0.30 0.33 0.29 0.33 0.29

R 0.992 0.992 0.995 0.993 0.996 0.993 0.996 0.994

EUSN RMSE/C 0.71 0.61 0.75 0.63 0.78 0.63 0.65 0.57
MAE/C 0.66 0.60 0.58 0.60 0.56 0.52 0.57 0.56

R 0.940 0.935 0.954 0.951 0.954 0.951 0.954 0.951
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&gk e
TLSTM#H Al 43 1] ) A5 TR 25 43 [l YA 80 DR-TLSTMZE Jf 5 Y
T R AL T HERR
R RAUA IR iR fZfieh eI IR AR eI TR

EIXPN RMSE/C 1.07 0.77 1.02 0.67 1.08 0.67 0.89 0.61
MAE/C 0.95 0.72 0.80 0.75 0.76 0.69 0.76 0.71

R 0.798 0.705 0.806 0.747 0.808 0.747 0.807 0.747

AR RMSE/C 1.31 0.95 1.01 0.81 1.06 0.81 0.87 0.74
MAE/*C 1.13 0.95 0.85 0.92 0.80 0.85 0.80 0.87

R 0.729 0.693 0.782 0.780 0.785 0.781 0.784 0.781

CIEPN RMSE/C 1.32 0.95 1.18 0.99 1.23 0.99 1.01 0.90
MAE/*C 1.04 0.94 0.89 0.95 0.85 0.88 0.84 0.88

R 0.666 0.672 0.788 0.729 0.794 0.731 0.792 0.730

EUFN RMSE/C 1.33 1.00 1.19 1.07 1.23 1.07 1.01 0.95
MAE/C 1.03 1.05 1.00 1.07 0.94 1.00 0.94 0.98

R 0.693 0.691 0.712 0.694 0.722 0.698 0.720 0.698

TR RMSE/C 1.23 1.03 1.31 1.11 1.34 1.12 1.09 0.98
MAE/C 1.07 1.06 1.02 1.02 0.97 0.97 0.95 0.95

R 0.630 0.450 0.636 0.526 0.651 0.529 0.649 0.530
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Fig. 4 Influence of variable-weight combination on the prediction of water temperature sudden change point for the next 1-7 days in the

5

Sansha Bay
a, ¢, e. 15k 2 1k 100 YO & Mk AR 24 J7 AR 5 2% (RMSE)., SF- #4815 22 (MAE)., $L4 0 BE (RY) (%) F-# (B ANKR 2% b, d, £ fRe (KU 100 Y &2 i
K 51 07 i 22 (RMSE)., -39 248 %8 15 25 (MAE)., $84 DI JEE (R) f9 57 349 {8 0 i o 24
a, ¢, e. Means and standard deviations of root mean square error (RMSE), mean absolute error (MAE), goodness of fit (Rz) of 100 replicates at the maximum
temperature; b, d, f. means and standard deviations of root mean square error (RMSE), mean absolute error (MAE), goodness of fit (R of 100

replicates at the minimum temperature
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Fig. 5 Comparison of observed and predicted water temperature for the next 1—7 days in the Sansha Bay (2021-2022)
a,b. 5 1 R LR o, d 5 2 KXT LSS Ry e, £ 55 3 KXTHLSE R g, h 55 4 KXF LS5 R 1, j. 45 5 KX LS5 k, 145 6 KX S5 R m,n. 25 7 K
XI L 4h
a, b. Comparison results on day 1; ¢, d. comparison results on day 2; e, f. comparison results on day 3; g, h. comparison results on day 4; i, j. comparison results

on day 5; k, 1. comparison results on day 6; m, n. comparison results on day 7
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Fig. 6 Operational information system interface based on water temperature early warning and forecast in the Sansha Bay by DR-TLSTM

model based on differential regression (DR) and transferable long short-term memory (TLSTM)

x7 EFE4HMEA (DR) SFAEBKEHIZIZME ( TLSTM ) &£/ A DR-TLSTM #E W =Bk BEMEERBENZITER
Table 7 Statistical results of DR-TLSTM model based on differential regression (DR) and transferable long short-term memory

(TLSTM) for water temperature early warning accuracy in the Sansha Bay

WS EADN CPN IR AR SR HoR IR
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Water temperature prediction in the Sansha Bay based on the integration of
differential regression model and transportable long short-term
memory network

Lai Xiaoqgian', YuYiqi?, Liang Zhongyao?, Chen Huorong®, Chen Nengwang "2

(1. State Key Laboratory of Marine Environmental Science, Xiamen University, Xiamen 361102, China; 2. Fujian Provincial Key Laborat-
ory for Coastal Ecology and Environmental Studies, Xiamen University, Xiamen 361102, China; 3. Fishery Resources Monitoring Center of
Fujian Province, Fuzhou 350003, China)

Abstract: Water temperature prediction is a key technology to ensure the production of coastal fisheries and envir-
onmental safety. The existing numerical models have high development costs with insufficient business applica-
tions. This study develops a prediction method of water temperature through integrating differential regression
(DR) and transferable long short-term memory (TLSTM). Taking the water temperature of Xiamen Bay (source do-
main, with a large number of data) and Sansha Bay (target domain, with less data) as the research object, the DR
model is established based on the data of monitoring water temperature and forecast temperature in the Sansha Bay,
and the TLSTM model is established based on the long-term monitoring data of water temperature in the Xiamen
Bay. The pure differential regression model, mixed differential regression model and TLSTM model are integrated
into the DR-TLSTM model of Sansha Bay by using variable weight algorithm, and the performance of the model is
evaluated, the results are compared with the LSTM model based on only a small amount of monitoring data in the
Sansha Bay. The results show that: (1) the prediction accuracy of TLSTM model is better than that of LSTM model
based on a small amount of data in the target domain; (2) the DR-TLSTM model has high prediction accuracy, and
the root mean square error of prediction in the next 1-7 days is 0.13—0.77°C, and the root mean square error of pre-
diction in the next 1-3 days is less than 0.4°C; (3) the DR-TLSTM model can effectively predict the sudden rise or
fall trend of water temperature, and the root mean square error of predicting the sudden change point of water tem-
perature is 0.29—1.09°C. Based on the DR-TLSTM model, the operational information service of water temperature

early warning and forecast in the Sansha Bay is realized.

Key words: water temperature prediction; regression model; LSTM model; transfer learning; variable weight integration
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