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Abstract

With rapid economic development and increasingly frequent human activities, environmental is-
sues have gradually become a global focus, with air quality problems being particularly prominent.
The types and concentrations of air pollutants continue to increase, posing a serious threat to hu-
man health and the ecological environment. This paper employs an LSTM model to forecast future
air quality, training the model using processed data to ensure its predictive performance meets
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requirements. Accurate calculation and prediction of air quality levels enable timely dissemination
of air quality information to the public, guiding individuals to take effective protective measures
and reducing the health hazards posed by pollutants. Furthermore, it provides a basis for environ-
mental management departments to formulate scientifically sound environmental policies, thereby
contributing to the improvement of air quality.
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Figure 1. LSTM unit structure
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Figure 2. Data processing comparison chart
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Figure 3. Time series charts of concentrations of six pollutants
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Figure 4. LSTM network structure for pollutant concentration
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Figure 5. O3 loss function curve
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Figure 11. Fitting chart of 6 pollutants
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RMSE 28.65 5.68 0.65 23.67 12.57 6.5
MAE 22.82 4.3 0.46 18.08 9.25 4.56
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