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Study on short-term prediction of chlorophyll-a concentration
based on singular spectrum analysis and LSTM Neural Network
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[ Abstract] Harmful Algal Blooms ( HABs) occur frequently all over the world in recent years. Real —time prediction of the
occurrence time and region of algal blooms in water bodies can provide effective reference for environmental protection supervision
and management departments. In order to improve the accuracy of blooms prediction, a SSA-LSTM model based on singular
spectrum analysis (SSA) and long short—term memory neural network (LSTM) is proposed in this paper. The time series of
chlorophyll - a concentration at BYK site is decomposed and reconstructed into trend characteristics and periodic characteristics, and
the changing trend is predicted. The experimental results of single LSTM, time series neural network ( Temporal Convolutional
Network , TCN) and convolution neural network ( Convolutional Neural Network, CNN) are analyzed and compared. It is verified
that SSA-LSTM had better performance in short—term prediction of chlorophyll — @, and the RUSE, MAE and MAPE of the model
are 0.67,0.38 and 0.09, respectively.

[ Key words] chlorophyll-a; LSTM; short—term forecasting; singular spectrum analysis

] 22 D LSTM J7 vk 38 FH 7 X i 2 An Ak
FABPI TR b, U Wang 25 A\ (i AR 2 2009~ 2011
AR PR AR 26 W N BCHE A T LSTM i) 25 43 A A

0 31
FEAE IR H A ™ A K AR SRS R R 2 — | 1 AR

FR B () A AE SR R, Bl A KA Bk 210k
AN THERER AR, B8 3R 3 J7 e A e A2 vl 1 i
MBS R A Hod g 4 Rk B )
ia FHAE Z Rk B0 it 2 i |, an b BV SR K
WX WHTAA TG LSTM 7E/5 48 RNN (4 JE Al
EIAT Sk N s A AL C L T, A
Mz ErT L H R E & E R MR E TR E
KL, NI g 76 BE T [ AN BETH R A TR) A, AT,

BE&WH . PRI RFEABFEEE (17YC149)

T AT I 2R o AR LS IF HAE
T 2x 2 o WHERVZ MRS S 1B
Shin 28 A HEH T 3T LSTM Fnifg: 2 16 4iHis Fok
BRSO K A TN RS SR T LSTM A
TIRCR A2 3 g A ] SEPERBR ], B AY7E L I
Wodls By B ROHE AR R s S A S S ]
B2 B —E BRI ELAEZR Bl th T 3 B 0
JRBRYE , FEAE R B AR AR, e 5 ARy 53 0 B

EE®IT: » W(1999-) Lo Bl ge A, FBMTET ) TREE S ) IR (Teipe (1971-) 55 W 0% b2 il SRR 5 07 1)
RARRGENIF ; LA (1997-) , 5 BUERIRAE, FEOFFE T W Sk T &,

BiES . e Email: 1946034057@ qq.com
Wrim B HA: 2022-05-18

Y LR RN o= K4t 55 A




EERNE |

G, A FETE RIS T A RO I R 28 B 2R 3R o TR BT I T T Y 135

XoF I R] P S AL B, W] LA LSTM 580 B 25 5y fifi i
B 3 5 B 2R AR R 3., Cui 5 N0
SSA il LGBM ( Light Gradient Boosting Machine ) 5&-7%
FHAS A R 1 I T NPy i 0 U AR 7Y | S8 246
KW, 2 id ar S T AR AL PR B REAS S A 8K
MO ZE I 25 RR S &, AT o T PR RE

1 MBAXEIEURFE

L1 EFREHH

KA T ST AT 2 AN BE A R
Hor SMEB BT 2 A 5 TR R A S (2
(SVD) ., HAFT B AL 2 5. gl Fxd £ °F
B, B RER NN > 2) WL ETFH F =

[y, 20y, 00y b HLUES 4 42D BRA B R 3 4
T
1.1.1 A

TR DR IR LR B (8] 7 371 Bl S5 Sy 22 4 i s 1) o
JPHI, e D LR < L < N, WESm
YR X R

BY1 Y2 Y3 owee Yk O

g -
¢Y2 Y3 Y4 vt Vraix
X:(;y_z Yo Vs "'yk+zT (1)

g .
¢:

$Y0 Yin Y 0

Hp,K=N-L+1,

T AR R A R U R R 3
EME I A T A 2 B T R AR A A
1.1.2 SVD

TERX—H, XL R X R AT 4 S0 o i
BES =XX", A LA, 0, A, EFEFFHESIE S FORFIEE
(A, = =1, =0),U,, -, U, JEXF R T X SeEE(E
HHERE S FIbRELE RS ) &, 58d = rank (X) = max{i,
A, > OF (FESEPRIFSIY il % d =L ,L" =min(L,
K)o Vi=X'U/ /A (i=1,-,d), WP
A SHE ST RN -

[SYNRENE

X=X +-+X, (2)
/E\ZEP’ X, = «/ZUI' V::To
1.1.3 774
TESr AR TR, Al DL £ 0 A el 301 A ek
]t P P SRR T (B R 51 O [X O M P RIS 5, T
Fo MR R X T A 7 A B AR R
W, RRR L, e df AT FAR I 5] 1 57 ) P I
N m AR TR WL, L, e 1, 2T =

iy e | N ASERER X = X, + X+ + X,
1.1.4 “F¥5%Tate

SSA TR 4 R 5/ SR M S 4L 1
Hy—AKFEH n BRI, Y H Lo+ KAEHE, 0 T,
W T HITER T AT LUE R AR A SO A

il '
:I-Izk ltr: k-m+1 1 g k < L*
1 m= ’
| S

[k = 'ifz;=l tm,kfm+l L* $ k < K*
1
:I: 1 N-K*+1 N
:I:mz m=1 t’"v/f’”’*l K" <k<N

(3)
MG (3) AT LSRG EE N N B — RC, 47
i, WX 0 d D RC, SRR, BT LR R
M
X" =RC, + RC, + -+ +RC, (4)
1.2 KEHCIZHEMN%E
KA IC Y (LSTM ) & — 2B 1] 328 U1 1% if
M4 YRR T K280 RNN AS AP0 8, IR e iR T
P A B 2 1) A% 38 o B T 5 1 RS A BB BE R B4
LSTM 7 RNN Ay 5& Al 3 hn 17— Mg f2 o gh iy
FHWE R EAA M, BAHRITH WA, —
AR TR — A S T2, Al 1 R, XA
SARIE AT LSTM 4% | I F HECR DU 4t 2 J2 75 W] FH
HPA TR 05 2 A& R A 5 2 28
H st AR O ST 23 & s, BFSEA] 1, LSTM X
7oA B AR DG (B 7 s U HA T, R AT e
FHRHEIR T

Cri

Q—Q— —Q——p
‘ ® r® ® ¥
o (T%] h h aglo
. e

>
>

1 LSTM 1%
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Fig. 2 Flow chart of the algorithm
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Tab. 1 Configured experimental parameters of SSA-LSTM model
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Tab. 2 Prediction effect of SSA-LSTM, LSTM, CNN and TCN

on chlorophyll-a concentration

i RMSE MAE MAPE
SSA-LSTM 0.67 0.38 0.09
LSTM 1.27 0.69 0.14
CNN 1.20 0.63 0.12
TCN 1.10 0.62 0.12

ML 4 F13R 2 A AT LA Y, SSA-LSTM X -4
FUR P B P A SR B A T LSTM  CNN Al TCN, H
H RMSE MAE F1 MAPE 43324 0.67 .0.38 F10.09, X
3 FPPEM FE bR AR T HA 3 SR, RMSE
MAE (9% b 22 B SSA —LSTM 5 Y f) 99 00 352 22 55 /)
PRIRAE BE 17, MAPE BOXE LR IR nfa e . 2%
LA AT AT SSA-LSTM H Fl i (i B 432 307 -4t 55
WP () B, KB TR A S RS T
PR BRI A2 AR SSA AbFR S
S ZE U PRI R A A K000 IR 5 ) A B e e Al 442 31
AR AR A (AR ) T 1 BEAS 2 BT

4 HRiIE

AHIFSE B e FE 990 BYK 3 15 38 A 7E £ W
DECHE 25541 S /A 5 LSTM TR B 2 ) # 42 1)
SRR HRAR T AR B A I g 25 U R A TR0 1
M., BARGSET .

(1) SSA REME A 50 H 73 B3 e $4T0  Ipk ) 3 i g
FAyaD, FUIR T LSTM AR #8 E ib ¥ A 28 0 3 371 U 1
AN, AT 2 ST 7F B BE Atk 1Y SSA-LSTM 455 7
HLA i A T e

(2) ASCHE ) SSA-LSTM 5 25 7] L M -4t 25
a WREE DT S rho N SR A A XAk 4 h i
LR o WRBEVEATION OIS 2 SR O A T Ak
PRBR AR 7 4 LSTM ,CNN ' TCN, i 5 =2, 4
SCHEH Y SSA —LSTM A5 74 5 8 7 20 iy 2 B 88 2 5
ST Y Sh A AR L R B, BLRRRE X P4 K o IR
JEE S R s 5 T, 3K Ay 7K A 1 3 B s 1 L
BT —E S H G
S ik

[1] ROUSSO B Z, et al. A systematic literature review of forecasting
and predictive models for cyanobacteria blooms in freshwater lakes
[J]. Water Research, 2020, 182 115959.

[2] A3 R, 2. N TG MR RIS AL Py
REHILI]. RRAE= R ( FARFLARR) , 2004, 32(02) :147-150.

[3] UL, DR, ¥4 5. FIH BP #Z W% 5 B rg i 4t % a
BOHRET]. A 252431, 2004, 24(02) ; 246-251.

[4]WANG Xiaofan, XU Lingyu. Unsteady multi—element time series
analysis and prediction based on spatial — temporal attention and
error forecast fusion[ J|. Future Internet, 2020,12(2) :34.

[5] SHIN J, RYU J H, KIM S M, et al. Early prediction of
margalefidinium polykrikoides Bloom using a LSTM Neural
Network Model in the south Sea of Korea[ J]. Journal of Coastal
Research[ J]. 2019. 90(spl) : 236.

[6] CUI Zhongjie, Qin Xiaoxia, CHAI Hongxiang, et al., Real-time
rainfall - runoff prediction using light gradient boosting machine
coupled with singular spectrum analysis[ J]. Journal of Hydrology,
2021,603(12).



