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(Improved beetle antennae search algorithm,IBAS)
FLSTM AHZS & MR, % B A ) MSE | RMSE |
MAE 435125 0. 644 0. 803 .0. 531, i il k5 FF 45 BA
— LSTM BRI 8 R AR T, W L DAvkok
FRFH B A2 i S BE SR X 4, 37 PCA-LSTM 45
RUTI775 fife A, B4 U i) MSE . RMSE \MAE 4353 24
0.274.0. 089 #11 0. 147, ¥4 T B — LSTM LAY,
DA AR 1) 500 R A, 18 B ] 47 3330 )
R T IRFE K BT

TEIK 7 7 FE AU, B 18] 77 51) 00 A6 7 R 22 3%
FET VA AR SRR TIUIN Xk JHC A 5 Wi % 5 16 5l )
SR 5T A, A0 R R AR A (T, ) B A
(TAN) EVE(TN) S (TP ) S5 1) F5000 B1F 7 ) 44
o R K B LB A %, — iR B i)
K BEAFAE SR BRE , PR AR SC A LA T Xof M 53
B R WEFEXF G, R 32 B3 0 bk B A, A A
PCA-LSTM 7K 5t 2H 7 B AR 2, O 4> i PLA 5 %k
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1.1 H#ERE
SERRFEACSR IR T T AR B X 2 Ko
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+ath FRGEYE I H A B 5 R XS 5 5 Tt AT K
A I, A I HE AR LA AR (T) AR (DO) (1=
FRIRER TR (1, ) BB (TP) L EVE (TN) L= A
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N) &, HoKiR (T) Vi3 i %8 (DO) R 1 36 E
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FRIRPH I (GB 11892—89) | FHR ¥ 71 )6 06 B 1%
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T479—87) 43 F W W 43 S )6 3% (GB 7493 —
87) EEAM3 OO B s (HI/T 346—2007 ) 347
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fGE x, b, TR C,_, 3 C,, A (3)
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f,:a(Wﬂth+thxh,_l+b_,.) (2)
L=o(W,xx, +W, xh,_, +b,)®
tanh(W_ xx, + W, xh, , +b.) (3)

C, :f;®cl,] +it (4)
05:0-<Woxxxt+W0hXht—l+bo> (5)
h, =ot@tanh(C,) (6)

Ao N Sigmoid LI BRI ; tanh Sy XU I V] bR
B QFRICEFIEB W, W, W, W, FR x,
HURCE S5, W, W, W, % h, BIAE S,
b, b, 45K 3 A TR I BT . LSTM
ZHtiz 3 AT A5 a5 B r A Fn
AR PSStz a s i e TR

1 LSTM HjT4#y
Fig.1 Structure of LSTM cell

1.5 EEEMIEIR

PA— RPN 5 bR I AN BE 5T 4 S AR AR ) 1
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WRZEE AN 22 o AR ST T G A v i
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—3 (5, -y’ (8)
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1oy =y,
EN[APE:;igtll ¥, | (9)
Erzyi_yi (10)
Y

P om AREAREGy, WA | 2R ELSEE s vl
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1.6 HIESHAE

% Microsoft Excel 2010 uE47 %4 &b ¥ ; 5%
J IBM SPSS 26 B x4 /K B4 bn 4T 320800 73
H1 3 R Fl MATLAB 2018a #4437 A< J B Je A2 pf
ZE AR 3 >R ] OriginPro 2022b #4742 4]

2 R0

2.1 KERENER

K TR FAE 2014—2018 4F A 254 37 i
2021 4F B FRFH B A~ 55 56 )5 401 B A2 AR 1 0 WL 3R
1, b 2014—2018 4EGE4E A 19 1 S I5Ch
A-1,2018 4EA1EFE A 2 B30 R A-2,2021 4F
HEHE B 19 1 535k B-1,

2.2 PCA-LSTM {& 85 5T
2.2.1  BERSFIAS AR B

FRAH Ko R F A S R AR A O &R MELL
T8 P2 28 10 B R, 2 YR S b 22 I 2% 11
iy NS, o3 5 BB B S5 R A O 4, X DL AR B
FRAR G5 L AR W 5T R PCA 1 3=
AR EAE R LSTM [ 4% (1) i A, B AR 80 iy A
SRR Y BE IS B T AR S 22 8] T0 A 1R R AR O
Pho MRS 1.3 Tfid iy PCA $RECE M7k,
X} A-1 3% 2014—2018 4 8 Tk Fif5 hn S 44T
PCA FE R P2 B, THA IR 5 DTk 3, 45 R 0L
#£2,

FRBRFPAEAE T 1A J 0], 2 B 4 A F2 sy
YER M 5 A (AT 4 D F 0 Bt nik R 204
T4% , 3 W] L 5e % Sz e I 4 B3040 1 48 K o015
K)o JEE PCA 3t M 2% i %m A 8 4ERRAR R
4 4k il T MR 15 B 89 J AR 1 43 i)
448 F1 F2 F3 fl ¥4, [ARFFEAS 2] 32800046
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®1 BIEERFEITSH
Tab.1 Statistical analysis of the data samples
A2
e etz WE TMEefE2 G FEEelgz S
Mean + SD Range Mean + SD Range Mean + SD Range
T/°C 27.500 +£3.600  18.200 ~34.900 27.500 +£4.300 18.700 ~35.400 26.800 +3.400 18.400 ~31.200
DO/ (mg/L) 7.650 £2.200 2.420 ~15.710 7.700 £2.400 3.590 ~12.230 9.620 +£1.580 6.600 ~15.400
I,/ (mg/L) 9.370 £3.500 2.320 ~19. 600 10.910 +£2.780 5.840 ~17.170 6.460 +1.170 3.950 ~8.000
TP/ (mg/L) 0.498 +0.491 0.010 ~2.300 0.430 +0.171 0.256 ~1.061 0.261 +£0.099 0.041 ~0.447
TN/ (mg/L) 3.050 £1.535 0.600 ~9.790 4.733 £3.243 2.094 ~16.710 2.833 £1.033 1.100 ~4.300
NO; -N/(mg/L) 0.090 £0.133 0.001 ~0.750 0.057 £0. 068 0.001 ~0.280 0.068 £0.076 0.003 ~0.339
NO; -N/(mg/L) 0.605 +0.373 0.080 ~2.250 1.206 +£0.516 0.255 ~6.619 0.239 +0. 159 0.016 ~0.537
TAN/ (mg/L) 0.829 +0.619 0.120 ~3.650 1.206 +0.516 0.489 ~2.239 0.537 +0.337 0.070 ~1.348

1::A-1 g 2014—2018 (WG & (21 175 4H) , A-2 2 2018 4 el #odha (3L 35 2H) , B-1 g 2021 4 (A6 otk (21 35 41) .
Notes; A-1 is the sense data from 2014 to 2018 ( A total of 175 groups) ,A-2 is the sense data in 2018 ( A total of 35 groups) ,B-1 is the sense data

in 2021 (A total of 35 groups).

x2 ERSDW
Tab.2 Principal component analysis
L7 WEf PR BRUTICE
Component Eigenvalue Fmtl.dl (‘u.muliillve
contribution/%  contribution/ %
1 2.168 27.104 27.104
2 1.365 17.060 44.164
3 1.305 16.313 60.477
4 1.064 13.298 73.774
5 0.657 8.210 81.984
6 0.588 7.350 89.334
7 0.484 6.053 95.387
8 0.369 4.613 100. 000

x3I ERSFRBER

Tab.3 Coefficient matrix of the principal components

s WL WA W3 e
Items Component Component Component Component
1 2 3 4

T/C -0.183 -0.236 0.392 0.420
DO/ (mg/L) -0.187 0.464 -0.019 -0.385
TP/ (mg/L) -0.049 0.555 0.258 0.284
TN/ (mg/L) 0.361 0.184 0.018 0.280
NO, -N/(mg/L) 0.280  -0.004 0.137 -0.579
NO; -N/(mg/L) 0.240 0.176 0.456 0.043
TAN/(mg/L) 0.350  -0.133 -0.152 0.167
I,/ (mg/L) 0.038 0.268 -0.543 0.303

ThE Y DL X R BTN 4, 15 B0 5
FEK BRI A 12 DO UKL 2% pH L IE
AR R UM 1y, s VBB 2520 0ok FLA V5 % AR R 5 vt
Y (TR R R R S AL AR AL BEA T IS, A5 2R R
TR R O R DB (RE BT L
'] BRBENT) AR TN TP Ly, AR A 25 TR AR G 5 6 2t
A0 YR W B N A Bl FL 4 U X U
B I HE VT S WA T A5 R R AR AR AL 2

TP FI Ly, 50 5 7K 77 FR 58 2 7K 15 S W HE b 1
HORLE I FE bR o BRI pH LR IR ER HE AL S
FLE SR TG, kP4 X R 532 58 w35 100 5, A
9 TN TP L, X F258 i REAGSE A . 25 A ATt
FEH LA IR S PR IR A I DU, S 1 7 1 2k
AFF RO HE s SR AE IR0 5 0 3 it
THEORE 5 mg/ L TR 2 U IR R
B LR P R AR 1A 5 0 0, A o o i)
Y BRI FEAE DL R SR ) R S S R R ALY 4y
R T ) SRR, AL R AR 1, |
TAN E N AHIEFE (1) A8 b7 o

I A-1 JEVE B A, 52— Rl 43 80%
(RP 140 21504 ) 1 R 2548, 20% (BRI 35 2%k
) Ve Rt . MG E b 3 R i 4 2R, 15
B F R Ar g F1 F2 F3 5 F4,3F 5 1, fil TAN
M 5 I, /A PCA-LSTM #50 ( fy A 7% o,
3 B — B Z0 1) Ty, #1 TAN, PCA-LSTM [
ZEIH ST B 5 R B 1,
2.2.2 RIS ML

43R F 0.1.0.05.0. 01.,0. 005 0. 001 3£ 5
42 ) RPN SR AR AT I 25, Ho 3 ARk Bz
k250, B2 BERE N 32 )2, XF AT I 2R A
2RI RIYIN R AR A 5 o FER A Ty, A
TAN 1) 5 I8 2% > 2 5, 43 &k F 50,100,150
200,250,300 ,350 3 7 2 A [m) 3k Ay BOS I 4
PEATUN R, o B B SR B e AT 32 )2, 4 HL A A
WA RS AR ZRsf R 5, bk
B 2 2 R ALE AR EUS , 47 R 2.4 .8.16,
32,64 128 256 A~ Fa i JZ 5T U2 b 4711 25, X
FU R 2 B N ARSI 238 R 5 i, A
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—=— RMSE
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—A
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Optimization of IMn’ s iterations
1.0r 0.5
—=— RMSE
—A
0.81 LOSS 0.4
0.6 0.3 "
m
2 g
0.4 0.2
0 A 0
0 32 64 96 128 160 192 224 256

fa& 2 Hidden layers
(e) I, B&ERRL

Optimization of I,’s hidden layers

g

RMSE

RMSE

PLUNTEl 2 B, B A 52 Ty, 1 TAN ) e (27 )
Iy 0,055 1, FT TAN F9 fie HEI6 1 B0 4
3001, Fil TAN [ fe B & 2430 64 F1 32,

1.0y
—=— RMSE
—
0.8} LOSS
0.6
0.4t
0.2}
0 L " L L L 1
0 0.02 0.04 0.06 0.08 0.10
23] # Learning rate
(b) TANZE>JZ ARl
Optimization of TAN's learning rate
1.0y
—=— RMSE
—a
0.8l LOSS
0.6
0.4}
0. 2 o -\\‘\ﬂ—\‘\‘/‘
P S 0
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BER KB Iterations
(d) TANIERIRBUHMRAL
Optimization of TAN' s iterations
1.0g
—=— RMSE
—
0.8l LOSS
0.6
0.4
0.2}
0 0
0 32 64 96 128 160 192 224 256

fa4 2 Hidden layers
(f) TANBR&Z ik

Optimization of TAN' s hidden layers

2 1,70 TAN BB S HiL
Fig.2 Hyperparameter optimization of the I, and TAN
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2.2.3  fEAITNGE R

PALE R 2 505 , # IL 4E (RP 2018 4§
A-13E) BB AR AR | E— A5 R SR R B4
RN, &3 Hd T 2018 4F A-1 3 1, .
TAN SE -5 T30 (B Y A8 a3, I 45 H (8
(1 95% EAF X [, ME A LLE 1,1, Fl TAN

25.00¢ 5% B X [H] 95% confidence interval
% 20.00 -~ WiJll{E Predicted value
E ——H52{H True value
\:
—~ 15.00}
5
= 10. 00 |
& |
¥ 500}
g

0 " "
1 3 5 7 9 11131517 19 21 23 25 27 29 31 33
WH Times
(a) FERERHRTEH T,

& TAN/ (mg/L)

ORI R A R (£ N N o = I e O ' S O D
(L ECSLE R T PENE 95 % Y E A5 X [a] , A 7T
MR EF o L, DO IZRE XS F PR 3 0t
SRSR B A 1) 7K o 000 77 Tk A 7 P B A — 5 1Y
ZHE M.

jz 95%E {5 X[ 95% confidence interval

: -~ Fil{E Predicted value

3.0 —— ESH True value

2.5

2.0

1.5¢1

1.0%

0.5T

01 3I5I7 9 11 1I3 15 l7l19 2l1 23 25 27 29 31 33

WE Times
(b) E& TAN

3 2018 £ A-1 & PCA-LSTM =B BTN 45 R
Fig.3 Prediction results of the PCA-LSTM model in pond A-1 in 2018

SR T A T XU b R R T R IS A A MR
22 R (10) T A5 21 i A X 3 22 017 3%
fiEs M 4(a) H AT LI H, 1, B 5 R 1R 22 A1
BN AL S YRR 18 YR IR R X 12 22 A K, Fi ]
H L SEAE 3 5 T 4. 66 mg/L Al 5. 98 mg/L;
1Ml TAN JRAZ G, AN B A — 8 222, (H B A
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Prediction of water quality in Litopenaeus vannamei aquaculture ponds based
on the PCA-LSTM neural network model

XI Wenshuang' , JIANG Min"*, WU Hao’, PAN Fan', TANG Yan'

(1. College of Marine Ecology and Environment, Shanghai Ocean University, Shanghai 201306, China; 2. Shanghai
University Engineering Research Center for Water Environment Ecology, Shanghai Ocean University, Shanghai 201306, China;
3. College of Fisheries and Life Science, Shanghai Ocean University, Shanghai 201306, China)

Abstract: Based on the detection data of the two farms in Fengxian District of Shanghai from 2014 to 2018
and in 2021, 8 water quality indicators, including the water temperature (T) , dissolved oxygen (DO) ,
permanganate index (1, ) ,total phosphorus (TP) ,total nitrogen ( TN) , ammonia nitrogen (TAN) | nitrite
nitrogen (NO, -N) and nitrate nitrogen ( NO, -N) were chosen to establish a prediction model based on
principal component analysis ( PCA) and long short-term memory ( LSTM ). Firstly, through principal
component analysis which was used to reduce data feature extraction and dimension, I, and TAN were
determined to be the water quality prediction indexes to build a LSTM model based on the PCA analysis, then
the PCA-LSTM model was used to predict the water quality of different ponds ; Finally , comparison was carried
out with a single LSTM model to verify the strengths and weaknesses of both models. The results show that the
PCA-LSTM model can be used to predict I, and TAN in Litopenaeus vannamei aquaculture ponds,and the
prediction results are better than the single LSTM model.

Key words: Litopenaeus vannamei; aquaculture water quality prediction; long short-term memory neural

network ; principal component analysis
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