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Abstract: The water depth at the end of the tributary backwater area in the Three Gorges Reservoir (TGR) varies greatly, coupled
with the habitat heterogeneity caused by complex hydrodynamic changes, shaping the characteristics of water bloom outbreaks that
are different from shallow lakes. Based on the online monitoring system deployed in four tributaries of the TGR, this study uses
wavelet transform (WT) and long short-term memory network (LSTM) to build the time-series forecasting model of algal kinetics,
and discusses the optimal combination of key parameters such as the number of neural network layers, the number of hidden neu-
rons in each layer, and the time steps. The results show that; WT-LSTM model can effectively predict the change of chlorophyll-a
concentrations in four tributaries, the root mean square error (RMSE) is 0.049-0.221 pg/L, and the mean relative error (MRE)
1s 0.43% —1.12% . This study confirms that the deep learning model can learn inherent patterns of high-frequency monitoring data,

and the mean RMSE and MRE in the four tributaries are decreased by 9.20% and 3.06% , respectively. After online data processing
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with the wavelet transform, the prediction performance of WT-LSTM is also better than WT-DBN, and the mean RMSE and MRE
decreased by 51.72% and 59.24% , respectively. Comparison experiments with different time steps confirm that the accuracy of the
model decreases with the improvement of the prediction time. While the mean relative error of the prediction task within 24 hours is
less than 13% , and the prediction ability of the model to chlorophyll-a concentration of the interval maximum is better than the av-
erage. This study provides a research example for the combination of automatic monitoring data and deep neural network models to
forecast harmful algal blooms. Through cross-validation experiments on data from four sites, it is confirmed that statistically relevant
data can be extended for model training and testing samples, enhancing the stability of machine learning models in practical appli-
cations.

Keywords: On-line monitoring; wavelet transform; long short-term memory; phytoplankton; Three Gorges Reservoir
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Fig.1 Distribution of monitoring sites in tributaries of the Three Gorges Reservoir
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Fig.2 Data comparison before and after wavelet transform noise reduction
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2 4 ZR 4R R a 1) Spearman AH A

Tab.2 Spearman’s coefficients of chlorophyll-a among four rivers

T IR K] ] AR
TR 1.00
KT 0.86 ™ 1.00
kel 0.75™ 0.80* 1.00
eACST) 0.81* 0.70 ** 0.57* 1.00

=% 678 P<0.01.
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Tab.3 The prediction effect of LSTM model with different rivers as test sets

BARAE LD A R L 0] BHET
RMSE/ (ug/L) 0.09 0.24 0.14 0.17
MRE/% 4.74 2.51 1.70 1.36

2.2 MBI AR EIR E H R R R a RETRNZR

9 VRGN [ e [) ROBE R AU X 4 3K @ YR BE TIUIASCR , 23 ST 1~ 24 h 3 Bl P9 150 22 ) 20 K
LSS XTI ER @ BORAE- 5P BB A TUIACR BEA T LA, 25 P 300 R T M 00 0 A e (PR R o U
JENTAERFAE 25 wg/L AL ) | M At B 8 T S50l A DA QR DM 1A 252 ) Tt sk 2R

AR FT S AT 5 AL, A T 9 T 5 R[] 205 4 o 5 258 ) 30 A58 SR AT 450 O S 385 140 52 0, DR 0 o A [] B fia) RUJE
F8 AT A 55 SR SBORH ] 4 [ 3 o AR R  ) F0 284 23 , A 23 B 22 S 4 B0 T4 P AR AR B0 285 5
B RS RO UL Y A5 R, 22 R 28 S B0 2, BB 22 0SB 40, [T ) 2510 24 b, BVA 26— Ky
P St RS ST AT I AN [R] o ) R A 2R R @ WP, TR N3 4 R,

4 WT-LSTM BERYTEA [R) I [a] RUBE 82 3R 4 3R @ e JEE T AR
Tab.4 Prediction effect of chlorophyll-a concentration in the Pengxi River at different
time scales using the WT-LSTM model

T s ] R RMSE/ (pg/L) MRE/%
1h 0.21 2.24

2h 0.32 4.62

3h 0.51 5.68

4h 0.82 5.81

5h 1.04 8.24

6h 1.33 8.19

7~12 h( B KAl) 1.45 8.22

7~12 h( 1) 2.86 9.01
13~24 h(#AAH) 1.73 11.62
13~24 h($4{H) 4.38 12.60

Sy B O M, L A 8 X S ] ) R B 0 28R, A AT A A AT (LA 6 A 11 H—6 H 17 H 3
6] Ay 5] ) By 50 5 0 {015 SRy X AN 7 . R I 7 RN 4 AT SN EL AR (1~ 6 h 95 ) 4
TR P TS F35 W5 T 00 B ) 32 38 T RAARG , 2Bl RMSE I MRE {EIHEIN. 33 15X SC B 45 1 75 K ]
o B RIFE L A5 — B UANEE 7~ 12 1 13~ 24 h NI [] ROBE S0 L 6550 XI5 2 o SR A TR B A1
TR MGEE o AT, RMSE 548555 2.86 F14.38 pg/L, FAKE] 1.45 Fl 1.73 pe/L. A G5 A 2k
M i AR AL R A BEGE A L ] BE A A 2R a G (T 2 5 WA SR B A 3 e o | PR T 1 R ok
e ) 0 SR BEE R i, P T A5 R I 2 @ WD, S AL T 7 AR TR A8 A B , At il ik 3 T 1 K
T o TR
2.3 BTN R LB ST

it LSTM 5 IR BE A5 W45 (DBN) FLAR , Ui A A [F) R 38 2 1 J7 ik of 3 S Ik 000 45 S 1) 335 R At (DR,
TEMA RIS B BRI |, [RIAE PTG /Nl 25 fh Ak TG 8 Fof 50 () 5700 Ak SR B2 4 9105 P 4 4% S0 0 00 o A5
AT Y2555 03, B 0 A [ ) i 8 5 (EL Pk T LSTM B0 i A sk g = 4 =X, R T 5 DBN KR 77
A EAFEMS TN 25 5.

AN 5 R AR RN SR , ToAS S 75 HEAT WT ML FR LSTM X432 o (080 2 B 40
T DBN, HAE AR 442 o O ORS B fres , JC RMSE Rl MRE 43513 0.05 wg/L F1 0.43% ; M LA T, 78
BRI o B RMSE F MRE ({E AR, 40 3108 0.22 neg/L A1 1.12% . 76 AKX REAS B 647 WT 4b
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Fig.7 Comparison of predicted and measured values of chlorophyll-a concentration

under a short time scale (1~6 h)

AT DBN RERL, LSTM BERUTE 4 25 SCU M4k 3 o FUI 19 ~F- 1) RMSE Rl MRE 53 53] F B T 9.20% Al
3.06% ; MAEA KR 2800 WT Ji5, LSTM A5 Xf 4 3% o TN A 25 TH i, B2 T DBN BERUSF- 2919 RMSE Fl
MRE 5350 FFE T 51.72% F1 59.24% . X —Z5 R 540 a0 b PM2.5 BIFSE S5 SR B — 2, RIE R MLBEE 27
SRR, LSTM X R 0 1 B )52 KA 9000 4 82 T 2 G b 22 0 405 i Lee 25117 o ST A
[ AR TR0 T 2R 3% @ YR RE AR PR RE IR B, 56 TR GE 1T OLS [0l U5 73 M B TR JBE o ) A R SR B o
7253 FRUREE 2% S A7 LU AT, 88 AR ( RNN R LSTM) 000 o B2 08 F RO AL (MLP) . [RIH, AR B 5% 3 4
TEXS 3 W IR A 7 A5 A B T P, ST ft 22 6 265 A L TR e a9 N T 229 2% (LA DBN Syl , mf
A ROHAZ -5 25 ST AR LN 3 S S AR O 22, DT A5 ) BRAEL 10 B A0SR

%5 DBN il LSTM 122 W24 7 4 26330 0 BUMACR

Tab.5 Prediction performance of DBN and LSTM neural networks in four rivers

RMSE/( pe/L) MRE/%
FELTR
M T REE R VIE FEE ORTW R BRI SFISE
DBN 0.30 0.64 1.64 0.89 0.87 2.12 2.18 6.85 3.19 3.59
LSTM 0.40 0.58 1.52 0.66 0.79 2.79 2.01 6.43 2.69 3.48
WT-DBN 0.15 0.13 0.59 0.28 0.29 1.18 0.29 3.68 1.12 1.57
WT-LSTM 0.05 0.13 0.22 0.16 0.14 0.43 0.48 1.12 0.51 0.64

SHE A, 5% SRR /N g M Ak R T I 5 126 A ot 20 ) 46 6 A 4 M M) K504 199 T 00 05 32, WT-DBN 45 750
W2 o T AF-24 RMSE 1 MRE 43 54K T 66.67% il 70.19% 5 ifif WT-LSTM 452 % (¥ 71 °F- 3% RMSE il
MRE 5y BIFAR T 82.28% Fil 81.61% . Xiao 45" 54 /NI AM WK ANN 32 J TR A T, 45 15 4 AR fry o
BHOTE, SR Siling /K HI Winnebago 1 IH-4% 2 a ok T, SCH 8 /N 20 W7 58 5 1E 428 0 244 45 50
RN T O — M T 2O AL e R TR (4 5 5 5500, /N 237 7T LA 0 1 31 Fhopg a3 T
R 7 A5 B A3 B BB M A LA 7 A T 2o A 5 2 /NI 43 B T LA DR 43 U A R A B A R Al Y PR AR
. TRV, Lo 2520 R R /N AS S TR K P H i 4 36 o Uk B 0 2 30 SR AT 3 e 4 1 3 i £ 5
F 2 SR 7 5 L T B S B WA T L XU TE] KRR L T 158 22 B 5, - EL R S5 4 4 3% o (1) 2 97 g
AR Iy T SRR 7). DRIt o T ) PR 5000 TR 50 A 0 23T A 480 55 MR P 0 1 2 A B A 0 2 10 T
P T T, B A AR R A Y T

3 &g
AT RISEE = WK 4 2% ORI AE LM IR , 255 /N As He 15 LSTM IR BE 28 I 24 1, $R
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2 ARSI R B T M DR 5 % A 28 T 28 A AR 10 SR, BE 0% A A0CHR JBCOHE 288 1y 9136 W 1) 3 2
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