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Dissolved Oxygen Prediction in Rice and Shrimp Culture Based on
BiLSTM — GRU Fusion Neural Networks
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Abstract. Dissolved oxygen is an essential parameter for monitoring water quality in rice-prawn farming,
as it plays a significant role in crayfish feeding and metabolism. Accurately predicting dissolved oxygen
content is critical for maintaining optimal farming conditions and preventing environmental damage.
However, dissolved oxygen levels can be challenging to predict due to the complexity of the factors
affecting them. A BiLSTM — GRU fusion neural network prediction model that can overcome these
challenges was proposed. The model combined the benefits of BiLSTM, which extracted more feature
factors, and GRU, which achieved fast and accurate prediction. The sensors and corrected historical data
were cleaned and calibrated based on the offset to ensure accuracy. A comprehensive analysis of the
resource consumption and prediction performance of the model under different sampling periods was
conducted and it was determined that 30 minutes was the optimal sampling period. The proposed model
was compared with traditional LSTM, GRU, BiLSTM, and BiGRU models, which was found that the
model was demonstrated better prediction performance, with mean absolute error, root mean square error,
and determination coefficient of 0. 2759 mg/L, 0. 616 0 mg/L, and 0. 954 7, respectively. These values
were 25.14% , 13.25% , and 2.22% higher than those of the traditional LSTM neural network model.
Overall, the proposed BiLSTM — GRU fusion neural network prediction model had significant potential for
improving the accuracy of dissolved oxygen content prediction in rice-prawn farming.

Key words: rice-prawn farming; dissolved oxygen; prediction model; fusion cyclic neural network
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Fig. 1

Sensor deployment diagram for rice and shrimp fields
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Tab.1 Water quality data collected in farm
i [ WA TR/ (mg- L") B/ C pH WAL BE/ em B /NTU WHE AR/ (mg- L)
2022 -03 -01 10:47 10. 10 13.1 8. 15 81.8 12.2 0.5
2022 -03 - 01 10:52 10. 62 13.2 8.07 81.8 10.6 0.6
2022 -03 -01 10:58 9.98 13.4 8. 13 81.8 12.2 0.6
2022 -03-01 11:03 10. 17 13.6 8. 14 81.8 10.3 0.5
2022 -06 —30 22:18 5.58 31.1 7.19 67.5 0.3 0.4
2022 - 06 —30 22.23 5.54 31.0 7.18 67.5 0.3 0.4
2022 - 06 —30 2228 5.38 31.0 7.17 66.8 0.3 0.4
2022 - 06 —30 22.33 5.33 31.0 7.17 66. 8 0.3 0.4
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Fig.2  Correction results of dissolved oxygen content data
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Tab.2 Pearson correlation coefficient between dissolved

oxygen content and various parameters

G R pH fH U HAT R
% 3 iy 0.036 1 0.7679 0.3127  -0.0784
HE e 0.1176 0.7322 0.2855  -0.1084
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Tab.3 Comparison of number of nodes in hidden layer

MAE/ RMSE/
BB 15 R
(mg-L™")  (mg-L™")
24 0.426 8 0.7832 0.928 5
32 0.4105 0.756 9 0.9267
40 0.3856 0.764 2 0.929 3
48 0.366 8 0.7256 0.9310
56 0.386 4 0.739 4 0.9308
64 0.458 3 0.768 4 0.9296
72 0.4358 0.768 9 0.924 5

x4 TEBANEXAHEELERIL

Tab.4 Comparison in different iteration sample numbers

2

FEAKCE MAE/(mg-L~') RMSE/(mg-L™") R?
8 0.366 8 0.7256 0.9310
12 0.398 4 0.7543 0.9254
16 0.3816 0.702'5 0.9353
24 0.338 1 0.692 0 0.9373
32 0.4250 0.7782 0.920 7
48 0.3957 0.7372 0.9288
64 0.3959 0.780 8 0.920 1

x5 ARENNZGRRERITIE

Tab.5 Comparison of number of turns

YR MAE/(mg-L~') RMSE/(mg-L°") R?
200 0.338 1 0.6920 0.9373
300 0.3254 0. 6852 0.9399
400 0.308 5 0.6425 0.9428
500 0.2762 0. 605 8 0.948 9
600 0.286 5 0.6135 0.947 6
700 0.341 6 0.705 4 0.935 4
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LSTM 0.368 6 0.7101 0.9339 T 5 = =
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GRU 0.3172 0. 660 6 0.942 8 . L VDN e e N v
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8] LA K ZE 500 60 min B i) MAE [ RMSE (R % 22 45
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Tab.7 Various indicators in different sampling periods

REERAW, BdRE SN 24 h REE 24 h BRERE/  BIRLEAT ¥y B 1T M 60 min ¥ i & & iR 22

min % #=/kB W (mA-h) B} 8] /s Af [ /ms  MAE/(mg-L~') RMSE/(mg-L") R?

5 33566 1445 288 128. 00 791 2.35 0.419 1 0.7452 0. 948 4
10 16 783 717 144 64. 00 369 2.20 0.4073 0. 695 6 0.9550
15 11189 481 96 42. 67 206 1.84 0.4250 0. 694 1 0.9552
20 8391 361 72 32.00 148 1.76 0.3909 0.6599 0.9595
30 5595 241 48 21.33 93 1.66 0.3872 0.6326 0.962 6
40 4196 181 36 16. 00 88 2.10 0.404 5 0.649 9 0.958 6
60 2797 124 24 10. 67 66 2.36 0.4548 0.6895 0.954 7
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Tab.8 Prediction error in actual production

[ [a] /min
15 30 45 60 75 90 105 120 135 150 165 180
MAE/(mg-L°") 0.1234 0.2005 0.2650 0.3191 0.3774 0.4258 0.4647 0.5008 0.5412 0.5761 0.6144 0.6334
RMSE/(mg-L~") 0.2928 0.4495 0.5415 0.6207 0.6981 0.7624 0.8065 0.8464 0.8887 0.9416 0.9873 1.0064
R? 0.9832 0.9603 0.9423 0.9241 0.9038 0.8852 0.8714 0.8581 0.8434 0.8239 0.8062 0.7983
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