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Abstract

PM, 5 is one of the most harmful pollutants in air pollution, and accurate prediction of PM;s can
provide a reliable basis for decision making in people’s social activities. This paper proposes a
PM, ;s prediction model, FE-LSTM (Feature Extraction-LSTM), with 24% fewer parameters to be
trained than Auto-encoder, which can achieve high prediction accuracy but requires a large num-
ber of training parameters and increased computational resources. The FE-LSTM model is based
on the SE attention mechanism, convolutional neural network and long short-term memory net-
work modules. The initial features of the input tensor are first extracted using CNN, then the fea-
ture tensor is weighted by channel through SE attention, and the predicted pollution concentra-
tion is derived using LSTM after full concatenation and reconstruction. The FE-LSTM model and
the comparison models were trained and tested on the Beijing PM; dataset, and the results
showed that the prediction accuracy of the FE-LSTM model proposed in this paper was better than
that of the other comparison models.
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Figure 1. Structure of the FE-LSTM model
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Figure 2. Structure of the feature extraction module
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Figure 3. Structure of the LSTM unit
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Table 1. Hyperparameter values chosen for the FE-LSTM model
F 1. FE-LSTM 158 i% 085 HfE

Ir batch_size filter kernel strider hidden_size

0.0001 128 64 4 1 128
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Table 2. Comparison of prediction results from multiple models on the Beijing PM, 5 dataset

F 2. AR PM, s MRS E R RBTUNEEREL B

R 4 B MSE MAE
LSTM 572.4357 14.8971
Bi-LSTM 549.3633 14.3893
Cnn-LSTM 557.6112 11.8519
Auto-encoder 545.6932 14.0922
Cnn-AE 524.1656 11.5053
FE-LSTM 448.7654 11.2152

R2
0.9077
0.9115
0.9101
0.9121
0.9155
0.9277
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Table 3. The number of parameters to be trained for each model
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Figure 4. Visualisation of predicted and true values of the FE-LSTM model
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