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Abstract: In order to accurately predict the content of dissolved oxygen (DO) in aquaculture water, a prediction mod-
el of dissolved oxygen content in aquaculture water based on self-attention mechanism (ATTN) and improved K-means cluste-
ring-bidirectional long-term and short-term memory network ( BiILSTM) was proposed. Firstly, according to the similarity of
environmental data, the improved K-means algorithm was used to divide environmental data into several categories. Then,
based on BiLSTM, residual connection was constructed and batch normalization (BN) was added to complete high-level fea-
ture extraction, and the feature information was saved by the long-term memory ability of BiLSTM. Finally, the self-attention
mechanism was introduced to highlight the importance of data characteristics at different time nodes, which further improved
the performance of the model. The experimental results showed that the mean absolute error (MAE) , root mean square error

(RMSE) and average absolute percentage error (MAPE) of

U 75 B 8 .2023-01-28 the hybrid model based on self-attention mechanism and
EETA LALLM S R BIH H [ €X(20)2028] ;) improved K-BiLSTM were 0.238, 0.322 and 0.035, re-
ZRA8 TS AT & R H (2021B0202070001 ) spectively. Compared with single BP model, CNN-LSTM
TEEA S EE (1971-) 58 W EE A 1 B8R W5 7 ) model and traditional K-means-BiLSTM-ATTN model based
AR AR, (E-mail) gffeng202212@ 163.com on residual and BN, the model constructed in this study had

BIEE . B, (E-mail) chengmm202212@ 163.com better prediction performance and generalization ability.
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Fig.2 Structure diagram of bidirectional long-term and short-term memory network ( BILSTM)
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Table 2 The main parameters of the model

R A BRI (PRED)
BiLSTM 2 £ 7T 256 4
BiLSTM i /2 s % Relu
Self-Attention 1 AL Sigmoid
Dense JZ #1470 324
A FREIG R RN 3x3
RN 128 MHEAR
PR EL 2 000 &
RIS 0.000 2

HALE AL AR Adam,,
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Table 3 Comparison of evaluation indices of six different predic-

tion models

TBERY MAE RMSE MAPE
Modell 0.806 1.134 0.114
Model2 0.558 0.705 0.080
Model3 0.467 0.658 0.067
Model4 0.416 0.603 0.058
Model5 0.416 0.589 0.060
Model6 0.238 0.322 0.035
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Fig.7 Comparison of dissolved oxygen content between predicted results and actual results
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