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Abstract: In order to make full use of the data characteristics of dissolved oxygen mass concentration and further im-
prove the accuracy of dissolved oxygen mass concentration prediction in aquaculture, a dissolved oxygen mass concentration
prediction model combining " linear and nonlinear" and " decomposition-prediction-integration" was proposed. Firstly, the
seasonal auto regressive integrated moving average ( SARIMA) model was used to linearly fit the dissolved oxygen mass
concentration time series, and the residual sequence was decomposed using variational mode decomposition ( VMD). Then,
each residual component was substituted into the least square support vector machine (LSSVM) model optimized by the im-
proved gray wolf algorithm (IGWO) to obtain the prediction results of the nonlinear component. Finally, the linear and non-
linear prediction results were integrated to obtain the final dissolved oxygen mass concentration prediction value. Experimen-

tal results showed that compared with SARIMA, LSSVM,

S B 88 :2023-05-25 and VMD-LSSVM models, the prediction accuracy of
ESTE . DU RS R R 5 R 3535 B (2020ZHCG0076) ; T SARIMA-VMD-LSSVM model was significantly improved.
Al A2 ) AR 7 7 5 S0 50 3 TR G (1CT2022B45) The root mean square error (RMSE) was 0.078 7, and the
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Fig.8 Variational mode decomposition ( VMD) results of re-

sidual series of dissolved oxygen mass concentration
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Fig.9 The partial autocorrelation coefficient ( PACF) of the

residual first mode component (IMF, ) of dissolved oxy-

gen mass concentration
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Table 1 Parameters of least square support vector machine ( LSS-

VM ) model optimized by improved gray wolf algorithm

(IGWO)

i Y T

IMF, 930.93 92.86
IVMF, 215.01 99.85
IMF, 39.41 112.99
IMF, 430.97 99.76
IMF, 774.14 48.16
IMF, 99.73 11.30
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Fig.10 Forecasting results of residual series of dissolved oxygen

mass concentration
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Fig.11 The dissolved oxygen mass concentration prediction re-
sults based on seasonal auto regressive integrated mov-
ing average-variational mode decomposition-least

square support vector machine ( SARIMA-VMD-LSS-

VM) model
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Fig.12 Comparison between predicted results of different pre-
diction models and real dissolved oxygen mass concen-
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Table 2 Comparison of prediction accuracy between seasonal auto
regressive integrated moving average-variational mode de-
composition-least square support vector machine ( SARI-
MA-VMD-LSSVM) model and single model

Rl MAPE RMSE MFIE] (s)
SARIMA 0.081 6 0.292 6 0.385 0
LSSVM 0.084 4 0.293 2 1.883 3
VMD-LSSVM 0.034 8 0.100 8 8.805 8
SARIMA-VMD-LSSVM 0.022 6 0.078 7 12.957 2
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Table 4 Optimization accuracy of different test functions
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Table 3  Prediction results of residual series based on four least

square support vector machine (LSSVM) models

R RMSE
LSSVM 0.125 8
PSO-LSSVM 0.054 7
ACO-LSSVM 0.054 5
GWO-LSSVM 0.054 6

IGWO-LSSVM 0.052 4
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