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1 #MRIERE
1.1 HHEFRIE

AR50 oA 0 i SR U5 T 2017 — 2019 4F K i
BT, AR W 14, 3 1 R B

RS B R R A R R Ik
R EUTRSE . LT RTINSk A B A R AR
WFFORA R EE EREE pHAE Ak A e & AR AR
fiy 11 72 g AT AEASE [ R DL B Ak 58 1 R T
2 LTI AR R SR SR S8 A DU AR
AASE R S R b BB AR 3 PR 4, el
YRl &7 80% , W UESE &7 2090, 7E TG 2E I ML AL
A28k 7 v R s B Rl 43 R oo I 2k 4R (Meta-
train) FOCIIE 5 (Meta-test) , JGUN ZREE 4045 D, F1
Doi; TR ALHE Dy, 71 Do, Hoh ST ZRAE
80 %0, Jrillli AR 5 2020 -
1.2 EFIMEIETEINIEREIREHNE
Bt

1) LSTM 2 M4 54 TAEBREE 22 200k B

F1 20172019 FEEFEKFRH IR
Table 1 Water quality data of a workshop

from 2017 to 2019

WANRRER BT R AT
wesE/  JE/(mg/L)
ER:i| WwmEEC R/ % (mg/L) Ammonia
Data Temperature ~ Salinity Nitrite nitrogen
concentra-  concentra-
tion tion
2017/08/11 26.00 31.00 7.80  0.0171 0.099 7
2017/08/12 27.00 32.00 7.80  0.0095 0.1133
2017/08/13 26.60 30.00 7.80  0.0137 0.074 5
2019/12/29 13.20 34.00 740  0.0478 0.079 3
2019/12/30 13.20 35.00 7.50  0.0843 0.0659
2019/12/31 13.20 36.00 740  0.0914 0.036 5

R HTLSTM #E 47 @A, AR LU £% 58 118 2 o 22 1) 2%
LSTM M MZ8 1 12428850, 9F B 34145
IS BHCIC R R . O E A 1B

[ [T
I

é

E1 LSTM#E& W4 R IR E
Fig.1 Schematic diagram of LSTM neural network
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Fig. 2 LSTM model based on Bayesian and Meta-learning
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Fig.3 Flow chart of ammonia nitrogen concentration prediction model based on Bayesian and Meta-learning
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Table 2 Comparison of GS, RS and

BO optimization results

(16)

RIGREL Times GS RS BO
1 0.027 0.025 0.025
2 0.036 0.032 0.030
3 0.041 0.039 0.037
4 0.056 0.055 0.051

MR 215N, 3FPRA T I A R 22 A K, B AR
PR 250 22 S I7E 0.01 9, 4 IREE AL ST e, BO 45
RARMLET GSEER 1R RS, 3k F
RS 255 M4 T BO ik, GS Jik ke 2t al , 25 5 b
N e el , i RS k5 GS kAL

HRAE DL B A 0 e A o8 iR S 500h
Batch_size=16, 2% 2] 3%} 0.001, epoch & 30, -1
AR L2 250 R 0.0,

22 HEEWMNER

55 LU0 R AR B2 AR BE  pH 1R i AR
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T /INREATION oA — e R 25 SR AN 4 TR

[Fi] B 45 A AT 5 7 2 45 A (LSTM-BO-MAML)
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Fig.4 Prediction results of each optimization

algorithm with ammonia as the output
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Fig.5 Prediction results of various improved models
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Fig.6 Prediction results of commonly used
deep network models
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Fig.8 Prediction results of commonly used few sample
learning algorithms
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Table 3 Evaluation results of the models

9 Model BRI PRI K7
RMSE 7 MAE MSE
GM 0.028 1 0.024 1 0.000 79
SVM 0.027 8 0.0237 0.000 77
RNN 0.0353 0.028 9 0.001 20
GRU 0.031 6 0.0259 0.000 99
LSTM 0.0311 0.025 5 0.000 96
LSTM-BO 0.029 9 0.024 9 0.000 89
LSTM-MAML 0.027 9 0.024 2 0.000 78
LSTM-BO-MAML 0.027 6 0.023 9 0.000 76

HR 5 22 8 LSTM AU FEAIR T 3.8500 , H i i T2
Ak B KL B (LSTM-MAML) ¥ 75 # 1% 2 &%
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Optimization of ammonia concentration prediction model
based on Bayesian and Meta-learning

LIU Yiwei', WANG Wei',ZHANG Shuyu', SUN Junyang', LI Shuangshuang”

1.School of Information Engineering, Dalian Ocean University/ Key Laboratory of
Environment Controlled Aquaculture, Ministry of Education, Dalian 116023, China;
2.Dalian Xinyulong Marine Biological Seed Technology Co. Ltd. ,Dalian 116000, China

Abstract To address the issues of low prediction accuracy and slow convergence rate of ammonia ni-
trogen concentration model under small sample data, a method of establishing ammonia nitrogen concentra-
tion prediction model by using long short-term memory (LSTM) and optimizing the model by using Bayes-
ian optimization algorithm and Meta-learning mechanism was proposed. The Bayesian optimization algo-
rithm was used to optimize the superparameters of the prediction model, and the initial values of the model
parameters were given. Then the Meta-LSTM algorithm was used to learn the model gradient and allow
the parameter sharing and updating among the optimizers, and finally the optimization of the prediction
model of ammonia nitrogen concentration was realized. Compared with LSTM, GRU and RNN models,
the result shows that the root-mean-square error, mean absolute error and mean square error of the pro-
posed model are 0.027 6, 0.023 9 and 0.000 76, respectively, which are better than other prediction mod-
els. It is further indicated that the prediction model of ammonia nitrogen concentration based on Bayesian
and Meta-learning is effective for modeling small sample data, and can achieve convergence in rapid train-
ing. The accuracy of the model meets the prediction requirements of ammonia nitrogen concentration for
aquaculture.

Keywords Bayesian optimization; ammonia hitrogen concentration prediction; Meta-LLSTM; Meta-

learning
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