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Prediction of periodic methane concentration based on PCA -Informer”
YANG Fan®,MAO Tengyue" ,ZHAN Wei"

(South-Central Minzu University, a. College of Computer Science; b. College of Resources and Environment,

Wuhan 430074, China)

Abstract Anaerobic fermentation is an important biological technology, but the existing detection technology can not
measure the concentration of methane bacteria in the fermentation cycle in real time, which makes it difficult to accurately
monitor the fermentation state. To solve this problem, a periodic methane concentration prediction method based on
improved Informer deep learning model was proposed. Firstly, the basic prediction model is constructed based on Informer.
Secondly, based on PCA, the feature variables are reduced from 8 to 3 dimensions to optimize the input of the model and
improve the prediction efficiency. Thirdly, according to the importance of different time steps in the cycle, the
WeightedMSELoss loss function is designed to better adapt to the periodic methane culture task. Finally, feature variables,
location coding and period coding are integrated to improve the ability of the model to capture long-term dependencies. The
experimental results show that: Compared with long short-term memory network (LSTM) , recurrent neural network
(RNN) and gate recurrent unit (GRU) , Informer has the best performance in predicting periodic methane concentration.
Moreover, The PCA-Informer” model is based on Informer improvements, with MAE and RMSE reduced by 26% and 11%
respectively, and model efficiency increased by 18%, achieving relatively fast and accurate prediction of methane
concentration.
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