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Fig.2 Two types of structure diagram of recurrent neural network
(a) RNN, (b) LSTM, (¢) GRU, (d) cell node.
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Fig. 3 Classification chart of water quality prediction methods
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Tab. 2 Classification, structure and advantages of neural network methods
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3 2019—2022 FEiFKKRMAR T AR ERERD

Tab.3 Performance of seawater quality research methods, 2019—2022

WAREA 251 24 T Ui TR 8 /d SCHik
methods categories parameters comparison of methods accuracy predicted length reference
ANN IERBEN SRR ¥ RMSE: 257.42; [49]
WA R 64%
M-DJINN TEH R by DIJINN, R*96.7% 9,10, 11,12 [51]
Random Forest,
SVR, MLP
DNN TEIRGERY SICER AR R SVR, XGBoost, ElasticNet, RMSE: 0.1; [52]
ES;-3 RandomForest MAE: 0.05
RNN-LSTM RE L T THT UL v R*99.51%; 1,2,3,4,5,6,7 [53]
RMSE: 0.439 9;
MAPE: 2.146 5
CNN TSR TR T MSE: 0.265 9; [54]
R:97.1%
spatial 2D-CNN EIRLERY T T I R deep MLP, RMSE: 0.75 24 [55]
LSTM
LSTM-RNN pEsEetin) VEME ANN, SVM R*: 88.45% [56]
ConvLSTM R EEH TR THTHR Linear SVR, R* 98.7% 1,2,3,4,5,6,7,8, [58]
LSTM(1-feature), 9,10
LSTM(n-features)
EEF-BNN VR4 T TR EEF-NN, AHICHE A P 3,6,9,12,15 [59]
EEF-MLR
Attention-GED AT T THT I R MSE: 0.172 4; 1,7,30 [60]
MAE: 0.063
Attention-RNN TR LR pradivieay SVR-linear, SVR-1bf, RMSE: 0.264 6, 1,2,8,24,48 [61]
MLP, 4% MAPE: 1.024 5,
MAE: 0.170 3
FE IR MDAE 5% R B - WA pH. KR RNN pH: R*=98.56%; [62]
Kilfk: R"=98.97%
LSTM
PCA-RVM TRAZEH pH. WHRA HL—RVM, R R=91.1%; [63]
SVM pH: R*=83.7%
WHEHE TRE S KI5 PCA-LSTM-RNNs, ICA-  R* 99.72% [64]
LSTM-RNNs, LDA-LSTM-
Intelligent RNNs
algorithms -LSTM -
RNNs
ESRBFNN-EI A TR AR MRAN, GAP-RBF, ErrCor- MSE: 0.017 3 [66]
RBF, %%
ANBARS-REBI-S- IRAZM pH. UK. ¥ RNN,LSTM pH: MSE=0.004; 3,4,5,6,7,8 [67]
= MAE=0.003;
SRU 7K i MSE=0.002 6;
MAE=0.016;
R4 MSE=0.071 4
MAE=0.042 7
CEEMD-BPNN RAE G TRETHT IR EEMD-BPNN ERR: 0.001 7 1 [68]
K-means-ANN TR HRZH MLR, HYCOM RMSE: 3.793 6, R%: 0.666 4 [69]
PSO-SELM-PLS TR EH BRA ELM, BP, LSTM, R* 95.27% [70]
SVM
CNN PEIRLEH TR A DNN, TDS: NSE=0.95, R*=0.95, [75]
M. B RF, CL: NSE=0.93, R>=0.93,
Mitb. 2h XGBBoost PS: NSE=0.96, R*=0.96,
SAR: NSE=0.67,
R*=0.70
STHFM RAE G HEBE L PERJA(LR), SVM, 23 R 82.1% 3 [76]
A2 U (MNB)
(PCA- ARIMA)
LSTM PEIRLLR BREL HE. X R 87% [771
AET. KR
AdaBoost-LSTM TRE S T THI R 2 LSTM, MSE: 0.01, MAE: 0.06 10 [78]
AdaBoost
PCA-EEMD-CNN-  JR&%E4) WRA. ®%.  PSO-SELM-PLS, ECA- RMSE: 0.246, 1,7,15,20 [80]
. AR STE N Adam-RBFNN, /M43 MAPE: 0.307,
Attention-GRU- S, pH ¥ Bi-S-SRU R* 97.80%

Encoder-Decoder
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Research progress in accurate prediction of aquaculture water quality by
neural network

WANG Ji ¥, XIE Zaimi **, MO Chunmei ?

(1. School of Electronics and Information Engineering, Guangdong Ocean University, Zhanjiang 524088, China;
2. Guangdong Smart Ocean Sensor Network and its Equipment Engineering Technology Research Center,
Guangdong Ocean University, Zhanjiang 524088, China;

3. School of Mathematics and Computer Science, Guangdong Ocean University, Zhanjiang 524088, China)

Abstract: China is the world's largest producer and consumer of aquatic products, with aquaculture production
ranking first in the world for more than 20 consecutive years, and the demand for aquatic products provides oppor-
tunities for the development of the global aquaculture industry. In aquaculture, the aquaculture water environment
provides the living environment, food and oxygen for freshwater or seawater. Due to human activities, environ-
mental pollution, agricultural production and other reasons, it may lead to changes in total phosphorus, dissolved
oxygen, pH and other indicators in aquaculture waters, which in turn affect the growth of aquatic organisms.
Therefore, real-time monitoring and prediction of water quality parameters is an important part of the aquaculture
process and is an important measure to determine the quality of aquatic products. Through the analysis of the col-
lected information, there are more neural network research results, which play an important role in accurate water
quality prediction, but the lack of scientific classification in the literature and the low usage rate of the literature
have made it difficult for scholars to find the research entry point. To address this issue, this paper classified the lit-
erature on neural networks methods for accurate prediction of farmed water quality according to two major fields:
seawater and freshwater, and mainly studied and analyzed the neural network models applied in each field for pre-
diction of seawater spatio-temporal sequences from three architectures: positive feedback architecture, recurrent
architecture and hybrid architecture, and the analysis results showed that the highest prediction performance in the
positive feedback architecture model is the ANN prediction model with 64% accuracy, and in the recurrent archi-
tecture model, the highest prediction performance is the convolutional neural network prediction model with
97.1% accuracy, and in the hybrid architecture model, the highest prediction accuracy is the intelligent algorithm-
LSTM -RNNs model with an accuracy of 99.72%, which is 35.72% and 2.62% higher than the highest accuracy in
the positive feedback architecture model and the recurrent architecture model, respectively. The prediction per-
formance of the hybrid architecture model is better than those of the positive feedback model and the recurrent
architecture model, which is conducive to improving the prediction accuracy of the different depth water quality
prediction models. In addition, this paper had a preliminary discussion on the three-dimensional water quality pre-
diction model based on the neural network method, and the results showed that the research scholars results are
more focused on the changes of water quality parameters in different locations of the water surface layer and water
intermediate layer, while for neural network prediction model for water surface layer, water quality prediction
accuracy was higher than intermediate and deep water layer quality prediction accuracy.

Key words: aquaculture water quality; positive feedback architecture; recurrent architecture; hybrid architecture;
neural network
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