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Abstract: Eutrophication and harmful algal blooms in lakes and reservoirs are global eco-environmental issues. The prediction and early warning of
algal blooms are the key techniques for securing the safe drinking water supply. How to predict algal blooms in a real-time dynamic way based on high-
frequency water ecology monitoring data has become a major demand in the field of aquatic ecosystem management. Taking Jiangdong reservoir of
Jiulong River (i.e., drinking water source of Xiamen in Fujian Province) as a case study, this study developed and compared the performance of three
types of time series models of SARIMA , Prophet, and LSTM (long-term and short-term memory neural network ) in predicting algal bloom (defined as
daily average chlorophyll-a is greater than 15 pg* L"), using the three-year continuously observed hourly mean total chlorophyll-a concentration data.
The results show that: Dthe time series model requires few parameters and has strong flexibility, which reflect the water quality characteristics and
future trends, and can overcome the limitations of traditional methods of algae monitoring and early warning; @ The LSTM model based on the deep
learning framework has a relatively strong ability to identify and predict the nonlinear variation characteristics of algae, due to its unique iterative
optimization algorithm; the LSTM performance on daily prediction and seven-day prediction of total chlorophyll-a are both better than SARIMA model

and Prophet model; 3)The length of input data will affect the prediction performance of the models to some extent. The optimal length of inputs in this
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study was identified as 7-days. The frequency of input data also has an impact on the prediction performance. When predicting non-algal bloom days,
the prediction ability to use hourly data is better than that of using daily data. When predicting algal bloom days, there is no significant difference
between the two-frequency data, but the daily data can more accurately capture the characteristics of algal bloom. In summary, the short-term
prediction of total chlorophyll-a concentration based on the LSTM model can provide technical support for early warning of algal bloom and water supply
security in the Jiulong River Reservoir.

Keywords: algal bloom; prediction model; artificial neural network ; high-frequency monitoring; chlorophyll-a; Jiulong River

1 35| (Introduction)

W P B B SR AR (HABs ) & 2 Bk AR S IR [0 R A 3 et R A i, il R BUK AR S R G BB
Wigd , KA KA A T 3 R (T R4, 2017) , TR B AT 7= A ol 8 v 25 2R UMM K Ik 22 42 (Ly
et al.,2021). STAFEARAT T BEALTE IR [ PROK WA AN i b & A2 B9 B0RAT B g in (PRAETE , 2010) , A7 35 A 0
A 25 ZR 48 RN S B 52 0 1E A IR (Griffith er al. , 2020). 35 4 0 7502 1 v 2 A0 B A8 0 AS W Rl BE Jin &
AR5 Y, 1 R A A B £ 3 B K B 22 B 451 25 (Zohdi et al.,2019). I8 28 i 4 T A Sy 35 4 T2 (1) i 2
P52 S BUK B RE DR SR 5 48 B B T B ZE B I AR, A A T AL AR A 2T 1 B AR T A R i
SR T, X A EE AR AL i oK A= 2 A A R ORI K 22 B -y A B

AL 43¢ B A TEI B AR AE IO 1 7 T A A JR BRI . LA A= 25 30 ) 244578 (Kim et al. , 2017 ; Zohdi et al.,2019) |
PN AE KA (Atzori et al.,2021) Ry JEAl Y AL T AR , th T 28 52 2 1 AR K AL AN BE V% 2h 248 (Ma et
al.,2013) AEAETT ZERE B9 A2y A= 1 S B Ok 38 e AR | i SRAIHR AR IBOE , ELASE BB 47 2R L 4
PN B, T R IBR ] 5l 55 A S AR, B A TR 26 M AR A SR ALK 18 2 e L 55 1 [ 77 51
Bt BOASERLTT Ui W T AR AR PR AR, 33X S AR A BE Bl 25 S MK BT RRAE S AR R AR AR e (BRBETE 45, 2021).
LT I i) e 270 B dl A AR MK, 350 (8 (Zohdi et al. ,2019). 38 33 Xt 1 5 W i BSCHE R AIF A 2% >0 |, s ]
F SIS R R0 A2 DX K PR3 7K A 4 e LR B9 52 2 M (Tian et al.,2019; Shin et al.,2020) , % B A R
EBIEATA M (Hochreiter et al. , 1997) . A A& s} [8] ¢ S AR R G- 1 FH T 7K AR 2548 B, 2 D190 12 A4 25 3455 )
R %% 175 18] (Lee et al.,2018) . SARIMA (Seasonal Autoregressive Integrated Moving Average , 253 P 22 /0 45
R B 1187 [ 1] AR AY ) g 28 B %) Bk [R] 7 5] Tt DU ASE A4, BB A e b AR 1 54 149 2% 15 7 (Rabbani et al.,2021) , & &
B BIL A A5 5 ) IF ) 47, A I R] 5 51 2 8504k B J5 v (Parametric methods ) H1 38 B f% £ (Parmezan et al.,
2019) ; Prophet BEALR ] T Facebook BCHE A2 P BAAIF 2 114 15 18] F 1) Tt S0 , Xof i SR 0000 1) S (L0 O Wt 2
Ak BB 1Y A 2 (Taylor et al., 2017 Aditya et al.,2021) , H 24k 19 2 s & (45 U1 25 e 18] 50 4
(Toharudin et al.,2021). i & N T2 B8 RN ML 48 24 ) B0 1) R e IR A 82 X 4% LSTM (Long Short-term
Memory , R 58 10120 2 9 48 ) 35 4 b i ok 1 G A4 22 ) 4% ( Recurrent Neural Network , RNN) H A 8 7 2k A1
o JEE R P T80, A 8 vy 17 I T 7 5 ) TS 2, S AR R AE AR 22 S RIS 21 )32 ] (Huang et all.,
2019; Yang et al., 2019 ; Bouktif et al. ,2020; Sangiorgio et al.,2020; EHLMEE,2020; Yang et al.,2021). HHJ, %
T s ] A0 A5 AR 1Y) g A T 9 5% S AR TR AE I (A R 45, 20165 Wang et al., 2017 ; Daghighi, 2017 ; Wang et
al.,2019; Huang et al., 2020) .73 (Lee et al.,2018; Shin et al.,2020; Ly et al.,2021) . it F (Rostam et al. ,
2021) e 2 N EREE (Saboe et al., 2021) , 3 R IX (4 1 FH 28 491 22, H SARIMA | Prophet F1 LSTM 3 /™5 [i] i
FET] i 2 DX 7 FH v A DL

JUIE VTR A 5 — AL, BB PR TR ¥ 3 4% R BTt G i i, o LB VAR E X5 K
R T $2 0 T 80% 2647 BI/K IR (Chen et al.,2021). 5 30 4Ek , IR A BRI L3l TF 4 . A A 7= FIAE T
5 Y HEBOMIE 103 2 X B 3R AL 2009 AR JLER AR T ORE Bl R0 22 T K AR R0, 7 R R B K 22 4
(Liet al.,2011). JTAER  VLAR PR IX ARG A AR KA 28 0 RS K, 2 5 XK 22 4 i 8 i T
W2 3R a 2 B TF I AEL ) 5 BE 2R A W i 1 R AR AR, BEAE T LA i K v R a MR R AT R A R T
(Park et al.,2015).

PR, AR SCHE T U VYT AR PR X 3 45 B i AR A 285 M DS (U2 3R a) | T Rl AR PO RS ALY . Jd
£ SARIMA | Prophet F1 LSTM 3 Fft i [] )37 FU A Y, Xob o 43 A7 FC S0 AR, , 3 0 %5 48 56 T IR B 2 T HE SR 1Y
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FFE TR E AT 0 7K A2 257 ZR W 22 48 (AquaSOO ) JT 2 42 Wil |, 35 B4 4 (1) 7K i 42 2850k
SR a B W R G e AN T U T AR YT AR P X OB T /K R A Sl ) L 12005 (X8 T e K 75
JE DX CTR 1) g 20 ) 1 TR A 2 Ay 3 e e e G T, 3000 0 3R g A — Wk, TR R G RK I FK R
0.5~1 m &b, JKBE 2 PR e B e E A R 22 P A% Bt 11 S Gk S I 6 P 2% R 0 g DR s 8 P T O VX A Uk
A AV SR TI UE , PRI AE DR A B 2 BN T4 4P — 0k, K B 43 A (Multi3410, WTW , {8 ) Fl 2 4
ASCE PR I 2 45 SRR AT U R RS T . AR SR 2017 45 7 H—2020 4 6 H 3 3 4 Y B4 3R a U B2 5000 (57
pg s LD THIRIBSY .
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Fig.1 Location of the automatic water quality monitoring station in the Jiangdong Reservoir of the Jiulong River
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(IR E] P8 5w, ~0.d (0, o ) JE AR s B AR p P g Q0D AR TN =4y | A [nlH R A2 3P 501 i i K s

D(L)=1-¢,L—d,L> = =1/ o)
AL)=1-a, L' = a,L* = -+ = a, L .
O,(L)=1+0,L+0,L>+ - +0,L W
By(L')=1+B,L +B,L* + -+ + B,L” )

SARIMA AR Ry AR AN T < B S8R ADF K256 ( Augmented Dickey-Fuller Test) PR 51 B[] 751 (9 F-F2
PE | I R T 34 22 F0 2= 715 228 AE 7 R 83008 7 4 - AR B HE AR R MR E b 3R - A i 8] 7 21 1 AH DG BR
(ACF) Fifis A A7 5C B L (PACF) , 45 & 2R b 5 B E ] ( Akaike information criterion, AIC)J‘iT%p q-P Zill Q 0BT
SR PSR ZERY
2.2.2 Prophet##8! Prophet #5 (8# 2k W (6).

y(t) =g(t) +s(t) + h(t) + &, (6)

A e ], g (o) BRI, s (1) R ZE TR0 , b (1) 327 TR H RO, &, iR 220 .

HEHIT g (o) READL T I 18] Py SRR R 3 B A28 A 35, 4035 R SR P A A 4 B 8 A Sl il 2 (X (7)) A
ARG (L (8) ) P R %K .

g(1)= £l (7)
trexp( =k +a(1)'8) (c = (m + a(1)'y)))
(1) =(k+a())'8)t+(m+a(1)'y) (8)

S KA, 5 AT m S S8y S % C (1) S T 5 R 2 )
ORI (1) % 16 1 0L o LR 6725 38, SR P LB S HOR e T A
L ALA(9).

s(t)=2f:](a" cos(zq;m)+ b"cos(zq;)m)) 9)
A, a Fb 535 WG BN 2=, P oy — A SR B 8] e A B, Vo ST 4
5B H ZORE () T 2RI 8] 47 7 B e R b 1] (9 42 A R, ek X (10).
h(t)= D" kel (10)
K, DAyt RAAK R H B A BB A — S 8 k.
Prophet £ 3Y ({ A8 FE i A% A1« AR EAHE 4 B 3P | Tl 00 B 1 2S00 R FE AN T 8 2 2 800 2 Gk B

SRAGBUIRS B , 525 0617 55 H R bR A R ——

LR LB TR B SR E Table 1 Main parameters and set values of the Prophet model

223 LSTMARE!  JLFHR K iC 12 p 2 SRR BE

I 4% (LSTM ) A hy 38 U5 #h 22 X 28 (RNIN) g AR {4 i HEFT A ) R 0.05

Sepp %5 1 2 ) (Hochreiter e al., 1997). B4 50 iﬂﬁij\jﬁz »

St 6 T RNN BB JE 0 2 B JE AR HE RO TS L I B P

KR T P 9 T 45 R0 1 ik 23 5 HG FALSE

K(11D)~(16). HE KA “Linear”
i,=c(W,x, +W,h,_,+W., ,+b) (11)
fi=oWx, +Wyh,_ + Wy, _, +b) (12)

¢, =fc,_, +itanh (W, x,+ W, h,_,+ W,c,_, +b,) (13)

0, = O-(thxl‘ + W/mhl—l + W«acr—l + bO) (14)
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h, = o,tanh (c,) (15)
y(t) = W),,l(f(W,n,y[,1 + Wy h, o+ bh) +b, (16)
i, FEAT T f, s T s e, 2 e S 20 A ICIC AN MRS s o, i R T T s b, A ¢ I 220 A BRATRCIR S s W, W, W T
W, 5300 Ry Y A MG S PR R s, W, W, W, W, 53 ) SRy 32 42 B2 it A5 5 B A R B s b, W,
W, W, Jo e e 25 T BRCE ST £ bbby by by T b, (R85 0 i s 0 O B B (A9
sigmoid PR 5y (1) A B2 2R a I E] 5 51 0N AEL s W, W, R W7, 53 5310 Ry i A - SRS, R |t - B AR
S B BRI 5y, = (v, oy, as ooes v, ) AL TR I 91 1
LSTM A AL fy A AR AT - 7E U1 A5 78 it Hicals B 300 43 i 70% 19 2850308 4 RS 30% 1147 0 1 45 4
8, I YINZREE Tl 20% HOEHEAE R 0 UEAR | T XSRS 0 2540 RN 2 B A 7 I A . S 48 e A 18 Ry i S5t
AN L , 38 5 min-max AR AEAL T R G B0 SR TV — A AL BT A S [0, 1 ] Z [R] A Bl ALY 214
45K Stacked-LSTM, P JZ LSTM R 225048070 31 4 100 71 50 , FFAE 452 [EEANBEALR i (Dropout) )2 LB
AR A S SO . S R BOR A A 33943 3 16 4% Sigmoid K RMSProp. Ji5 # X6 B R 05 125 i le it , ml il
REE 27 2] J5 b ] AW T [ Ll R 88 SR R0 , 50 5 Ak 3R 1R ) e S B . S AR 1) 43 2 o BIOPF
TEF5 N JT 1R 2% (Mean Squared Error, MSE) , & UECHIHE A/ (Batch size) 2h 50, ‘Ulléfnﬂféﬁ(]ﬂpoch) >k 200.
8 TensorFlow HE4L T (1 545 15 (Early Stopping) X 56 1 £ 152 25 JE 47 Wi il , A5 %00eE fe i 10 () 1 L & . 2 F
LSTM Y ) 6 4 2 a TN 075 AL ] 2.
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Fig.2 Prediction routine of total chlorophyll a based on the LSTM model
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Fig.3 Dissolved oxygen saturation against daily average concentration of total chlorophyll-a in July 2017 to June 2020
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Fig.7 Tmpact of input data length on prediction RMSE of total Chl-a by the LSTM model (prediction of algal bloom day)

Shy HE B A b R N AR 328 H SR SR, 2 T P AR BCHE AR LSTM AR AR B S A 5 S e e 1]
(&18). BT H AR E R ) i 48 H /92 H #UI RMSE S48 T2 /N>R A9 70 RMSE , {H 3E %842 H /) RMSE
BT 1 dAMNF IR E R BT S, H AR A TSR T /N 2 A T

4 118 (Discussion)

4.1 BEFFIEBEMESRELE AN E T ENRE

A 455 1 28 W DN 19 3 B BE T3 B (Process-based ) BUHLEE (Mechanism-driven ) B8, b6 AT DA AL PR AR
P AR T AR 28 30 ) 2R A A (B 5 R o 1 PR B S B8, 1B 7R 285 TR (R 75 |, 2014) , KR
ST DX T AN EL A SR (R B0 A5 1 AR ME R A T3 B 1 FH (Huang et al.,2020). LA, PR AR Bl ) 22 A5
(EFDC)H H T FE X B e w5 [N Ay e e b R LA 2% 2 i N+ 2, S B0 28 (L T A8 R 45 22 (Kim e
al.,2017). AL Z T, 784 W I B2 AR 55 B[] )3 B AR 78 AF 25 6 nT A R00R M 40 35 288 10 0 104 vk 19 R BR A
ARG R FH 1 BT[] 7 910 A 3R X T 12 0 i 20 A 0 o 5y 3 EL A R S AR 3 A Sy — P854 3K 31 ( Data-driven)
B, i [R] 7 5 AR A 2 A RGP ECR A B 454, 38 2k LA 27 21 A8 R E 1 Dy S R 1) 722 Ak LA (Parmezan et
al.,2019). B [B] 7 B AT 68 T A 5 b b S B 7K B R AIE R A SR A8 Ak B 3 (PR ABTE 55, 2021).
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Fig.8 Prediction of total Chl-a in future seven days by LSTM based on hourly and daily data
4.2 LSTM #ZI8% SARIMA 1% 50 Prophet 5 8I f {1
5T & B0, LSTM A RUAE T . 2 25 a i8] 2 271 _ ARG LAt R b A LA S 5 P 34 (T 5) AR S — A
TRBE 24 2] B LSTM BT (94 B I o8 JA 1 36 A O AR SR A B A il 5 50 o0 A R AIE ARS8, B
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B M O K d TR AF TR Y AR R AR 3 ol TSR RS2 W B A2 K AR IR R R AL [ e AILEE 0 A2 2
(ZRUAEF,2020) , B[] )37 0 5008 A Bl ML 1 0 5%, 3 2 B0 T SARIMA 1% 1330 2% 2R K A% (Wang et al., 2021).
M Prophet A& BN 25 7k 22 (8] 1Y) 11 AH G , TEA S I GRIny 25 5 1 IR AU, JC i HER 27 > B0 52 2 722 4k
FRAE , DT 52 00 T 38058 (Guo et al. ,2021).SARIMA Fil Prophet V£ A WAl 5 1AL 8L, %o S 28R B i3 ) i
TIN5 ) AH FEfR] SR G TSR O AT 7625 (BT AT BOR B4R T3 1)

TE T K B8 b 1 AR LAt A AR PR PR AR I, B Y G2 327 A5 AR A A0 xf LA A A7 v T D0 (AR B VE 55
2021) , T 3 T B 2 ) HE 2R B9 % 58 585 1 —LSTM 52 AU AE S — i A 24 #f 25 I 4% (Recurrent Neural Network ,
RNN) , 23 Wt 48 B8 )22 vh AN I8 2 K 1% 17 0 B, 3 7 3RO 2 B0 i B A 00l 4l 2 4 IF [ 7 371 1) R O 1
(Parmezan et al. ,2019; Yussof et al.,2021). Rtk , {4 ] 2k 2 2 35 2805k 1] 7 5 1 s 5080 sh 25 284k 1 N 7E
FIEE, I R Ao 2 S A o Tl 7 A= 14 FT G52 1 (Saboe et al., 2021) , 781 FH T-HILERAS WA ) /5 R R 2otk
R B W B0, 76 m 2T AH S BF 5 Hh R B H 6 (Tian e al., 2019; Rostam et al.,2021; Yussof et al.,
2021) , KBTI AU S At A U T R
4.3 ENBURE E) K B AN ER Xt B 2R B LSTM AR BY Tt il 350 SR 1 22 0i)

AMFFE S BE LSTM BEHY 1) S it 32 o 00N RMSE Fifi iy A KICHE I5F ] 4 32 A 1 g iz e b 7 (8T 6~7) AR 3
Bl > BRIS , BRK i D sk i (8] 77 81 25 4 FHCRY 4 52 2% B8, 25 ) 3 i aod 400 (A5 P OCR 22 2% (Zhua et al.
2019). 3z T A IR TG 2 288 LSTM B FE 52 22 (Yang et al. ,2019) , X WL EIE T AWFFE Y25

A B A AR R e AR H R0 6 SR 2% R W 2 T AR AR H A TR 2 SR 0 22 S 2 %
PR H L LSTMBERY A I 5 22 AN MR T 40 RO ME AR 1k CTEBILAIAE , 2020) s 0 FARBEAR H il T3S A
ZHE OL T AL T AR KT, /NI A3 38 S50 T 5 o > HE AR R AE L e RS H SO A 5 1~7 d,
HOARZE S 56 (1932 H RMSE S48 F /NI 50 56 (P 8) . ST 75, H AT S 55040 1) 3 A2 F0I AR A /N 3 26
Bl , X5 45 TR A AR BE 6 LSTM A5 A1 T w450k~ > e 2K AR TP BT T AR AR R A TSR R T
HE N GRS A AR TR 1 A IR (FMVAE4E, 20215 2855, 2021) , AR 2 R # 2K I 25
B[], X B 42 8 2SR Ve, B R Rl MR A 2 L DRt SR FH B3R 5000 1) Tt A X, T oAy e 8 100 9
SRR R B SCHE

25 i LSTM AL — b HU B AR ) R AR U BOR A HUIE T i REWLBR A 2 258l 7 2 A7, LSTM ST
JIrits B SHUD TS BE TR, H S 30 PR 580 i 5 LR 1) Jmy A e P I R (T 50t 46, 2018) A Ry — i 34
MRZE 2% | LSTM AR R RS 5 -1 it R[] P 51 8030 ) 25 B G B s 2 9 20 o B AR TR L, I At
WU 2E > P H G 1 AR LM AR AL RRAE . 29K 7ESC BRI LSTM A AU 4 7 e A6 T s A5 75 2% 1 5 B4
R R AT 5 1 I R) P ) M 0 S | S o e DR T R SR 45 SR A I 25 A I TP S B e R A e 1Y)
1 HUA (Overfitting) KU , 7] BE 15 B AR A 19 FR 04 2% (Parmezan et al., 2019) . AN R BEALALEE 4] 1A fb s
SN R F B A 50 (Yussof et al., 2021). AR, StF RAEAESE I 25 2B AT A — 2 i eie k23 1]
AMAETRZ B0 i A JZ 5% 3 B & 2 ST R AR S I, 78 035 /D VI RIS [] ) ] Bk ARG ot 4005 11
A RETE (BRBETESE , 2021). Ak Al g — 2D AR A A B 20 H >R P S s R0 Z B0 AR AL ) , ot 5 8 = LA
DABE FHBE RS XTE AK AR  F R,

5 4512 (Conclusions)

1) TEZR MR I F A 5 I R] PP SR Y AR 25 -5 AT A R0k 4 M e 38 26 W I 3905 7 ek 1) Jeg R A , EF [] o 47 A8 T
0 I R I R R T B A5 AT ORI D sk B A A R A A L BE A S WK BURRAE AR R AR AL
FZE

2) BT IR EE 2 I HESR 1) LSTM AEHY | DA H AR 114 36 A0 A 5 B0t e SIS AR e M B di LA A i 1) 3 7
PR, & T LA Je AR LM AR R IR R G0, HORPAR R 7 d S 4 3R a VR B TN ASOR 350 T SARIMA 1
Prophet X P [ [B] JH 15

3) UL LSTM A5 B Ay AKSCHE 1 B8 AR, 2 IR A BB 4 (7~180 ) 2 7E— 7 R B 5 M A5 2R T 55
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R BRI P S I [ 47) B 3 R B S P 0 A4 T R BRI, A B I 7 d I, ROk 7 d AR
THEIN P R i 2 5 i A S A0 5 0 B AR A A — 5 BRI , /NI 5 A3 50 xS
SR IC R E RO AR H NS0, 2T H SRR 4 B AR L X T AR SR B /N R B g
N LSTM A5 B {85 22 (AR AR 27 2T /NI AR A UM ORI T HOR B BT &, A SO S i 56 T B
g N [ 2 2 e 1 LSTMUASE B B4 it 128 X 388 A0 e S0 T B8 7 , m] DA JUR VK A A8 B 8 XA 3 e A
B PR A JIIEOAR SRR, AR BEAK 22 4, B 7 i slok A= 23R B RE T B UL

BT RO B A LR UL AR R R B R0 AR R
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