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Prediction of Ammonia Concentration in Fattening Piggery Based on EMD — LSTM
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(1. College of Information and Electrical Engineering, China Agricultural University, Betjing 100083, China
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Abstract: Ammonia is one of the key environmental parameters affecting the healthy growth of pigs. And
it is the key to ensure the healthy growth of pigs by timely and accurately grasping the trend of ammonia
concentration in piggeries. In order to improve the accuracy and efficiency of ammonia concentration
prediction in piggeries, a prediction model of ammonia concentration in piggeries based on empirical
mode decomposition and long short-term memory neural network (EMD — LSTM) was proposed. Firstly,
the sequence data of ammonia concentration was decomposed to obtain the intrinsic mode function (IMF)
at different time scales. Then, the long-term memory neural network prediction model was established for
the intrinsic mode function. Finally, the prediction results of the components were summed as the final
value of the concentration. The prediction model proposed was applied to the prediction of ammonia
concentration in a pig farm in Yixing, Jiangsu Province. In order to verify the performance of the
prediction model, the prediction model was compared with Elman prediction model, recurrent neural
network (RNN) prediction model, long-term memory neural network prediction model and empirical
mode decomposition and recurrent neural network prediction model. The results showed that the
prediction accuracy of the empirical mode decomposition and long-term memory neural network model was
higher. Compared with the real values, the mean absolute error, mean absolute percentage error and root
mean square error were 0. 072 3 mg/m’,0. 625 7% and 0. 094 5 mg/m’ , respectively.
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Fig.2  Flow chart of ammonia concentration prediction

for piggery based on EMD — LSTM
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Tab.1 Details of experimental piggery
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Tab.2 Data of some environmental parameters from January 1st to February 11, 2018
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TR/ % (mg-m~3) e (m-s™!) W BE/C FHXHREE/ %
2018 —01 —01 00:00 18. 94 79.30 16. 61 1.1954 x10 73 1.0 9.1 75.4
2018 —01 —01 01 .00 18.91 79.75 16. 54 1.4864 x10 73 2.8 9.5 73.4
2018 —01 —01 02.00 18.93 79.75 16. 88 1.3133 x10 73 1.5 9.2 73.5
2018 —01 —01 03,00 19. 00 80. 25 17. 18 1.5224 x1073 2.1 9.1 72.4
2018 —01 —01 04 .00 18. 84 73.55 16.77 1.2805 x10 73 1.5 9.0 72.5
2018 —01 —01 05:00 18. 96 79.70 16. 62 1.3344 x1073 1.2 8.8 72.3
2018 —02 —11 18:00 15.85 86. 65 11.07 1.5584 x10 3 3.5 6.8 86. 4
2018 =02 —11 19:00 15.76 85.50 11. 06 1.6176 x10 73 3.5 6.6 86.3
2018 —=02 —11 20:00 15. 81 85.70 11.05 1.6272 x1073 2.1 6.6 87.7
2018 02 —11 2100 15. 62 84. 65 11. 08 1.664 x10 3 3.3 6.0 86. 1
2018 02 - 11 22,00 15.51 83.70 11. 09 1.716 8 x10 73 1.9 5.9 86. 4
2018 =02 —11 23.00 15. 48 82.70 11. 11 1.8184 x1073 1.9 5.7 86.3
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Fig.5 Decomposition result of ammonia

concentration sequence based on EMD
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Fig.6 Results of ammonia concentration prediction from February 5th to 11th
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Fig.7  Error of ammonia concentration prediction results

from February 5th to 11th
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Tab.3 Statistical results of prediction errors
. - A
R g it - .
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