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Prediction model of dissolved oxygen in Chinese mitten crab ponds based
on particle swarm optimization algorithm and long short-term memory
neural networks
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Abstract: To predict the mass concentration of dissolved oxygen in Chinese mitten crab ponds accurately, grasp the
changing trend of the mass concentration of dissolved oxygen timely and take preventive and control measures in advance to
reduce the risk in Chinese mitten crab culturing, a model for predicting the mass concentration of dissolved oxygen in Chi-
nese mitten crab ponds based on particle swarm optimization (PSO) and long short-term memory (LSTM) neural networks
was proposed. The mass concentration of dissolved oxygen in Chinese mitten crab ponds was predicted after optimizing
LSTM model parameters by PSO algorithm. The results showed that the PSO-LSTM model was not only superior to the ARI-
MA model, but also had higher prediction accuracy compared with other LSTM models. In the predictions at 10 consecutive
time points, the average percentage error of the PSO-LSTM model reduced by 2. 55%, 1. 891% and 4. 055% respectively,
compared with the LDO-LSTM, LSTM and ARIMA models. It can be seen that the PSO-LSTM model has good accuracy and
stability in the prediction of the mass concentration of dissolved oxygen in Chinese mitten crab ponds, and can provide a ref-
erence for accurate prediction and regulation of water quality in Chinese mitten crab culturing.
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Fig.1 Location of the experimental data collection points
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Table 1 Sensors used in the experiment
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Table 2 Raw data collected on May 8, 2020
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(mg/L) (°C) (NTU) (mg/L) (pS/em)
07 :20:59 6.99 21.18 37.70 7.86 1.10 496.00
07 : 30 : 47 7.16 21.20 35.50 7.90 1.20 496.00
07 :41:00 7.23 21.25 37.30 7.88 1.20 495.00
07 : 50 : 55 7.24 21.28 38.70 7.90 1.10 495.00
08 : 00 : 44 7.37 21.32 36.20 7.92 1.10 498.00
08 : 10 : 56 7.35 21.40 37.10 7.90 1.10 496.00
08 :20: 56 7.35 21.45 36.60 7.90 1.10 496.00
08 :30:51 7.51 21.49 36.80 7.92 1.10 496.00
08 :40:58 7.66 21.61 35.30 7.97 1.10 493.00
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Fig.2 Network structure of long short-term memory ( LSTM)
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Fig.4 Comparison of the predictive values of mass concentration of dissolved oxygen in four models



432 o9 &b 2 W

2021 4E & 37 % 2 M

1.001
0.75r
0.50r
0.25r

ARIMASFEI TR 22

w__—m\-\..
025k )
-0.50F
-0.75F
-1.00

HARZE (%)
(=)

—~ s — -

e e N, -‘-‘\_\

"~ '...'\ -

1.00r
0.75r
0.50r
0.25r

LSTMFRI TR 2=

-0.25F
-0.50f
-0.75F

B RZE (%)
(=)

-1.00 ! ! ! !

1.001
0.75r
0.50r
0.25r

LDO-LSTMAS I TR 15 22

~JM
:‘M
-0.25F
-0.50+
-0.75F

-1.00 1 1 1 1

HRZE (%)
(=)

1.001
0.75r
0.50r
0.25r

PSO-LSTMRT! T35 2=

7 (%)

oy
& -0.251
M .0.501
-0.75-
-1.00 *

N

w0 VW"-\/H\V

1 1 1
0 50 100 150 200

1 1 1 1 1
250 300 350 400 450

WA G

E5 4MEMEMUNESEXENRELE

Fig.5 Comparison of the errors between predicted value and real value of four models
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Table 3 Comparison of the predictive errors of four models

B ¥y B BEEJ?@X#ET%H:
(MSE) (RMSE) %25 (MAPE)
ARIMA 0.048 0.220 0.662
LSTM 0.029 0.172 0.534
LDO-LSTM 0.022 0.149 0.470
PSO-LSTM 0.013 0.114 0.354

Table 4 Comparison of the absolute errors between actual value and predicted value of the four models in the next continuous ten time points

. PSO-LSTM #%! LSTM # %! ARIMA F%! LDO-LSTM
HAA
5 (mg/L) T L Y xR 22 T (L Y %5 2% T{E Y X522 PE Y Wi
(mg/L) (%) (mg/L) (%) (mg/L) (%) (mg/L) (%)
1 11.87 11.86 0.084 12.17 2.527 11.01 7.245 11.77 0.842
2 12.01 12.14 1.082 12.01 0.000 11.14 7.244 12.08 0.583
3 12.03 12.21 1.496 11.70 2.743 11.51 4.323 11.56 3.907
4 12.10 12.24 1.157 11.72 3.140 11.57 4.380 11.50 4.959
5 12.20 12.31 0.902 11.85 2.869 11.73 3.852 11.70 4.098
6 12.25 12.33 0.653 11.90 2.857 11.76 4.000 11.79 3.755
7 12.29 12.30 0.081 11.93 2.929 11.79 4.068 11.80 3.987
8 12.33 12.29 0.324 11.97 2.920 11.86 3.811 11.89 3.569
9 12.53 12.47 0.479 12.18 2.793 12.02 4.070 12.09 3.512
10 12.56 12.52 0.318 12.22 2.707 12.04 4.140 12.20 2.866
3 B % A M figp R ARTMA 55 R 7 5 fige 4L S e J2 L0 o
> B
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