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A Multi-Scale Time-Series Forecasting Model Based on Attention

Mechanism and Its Application in Air Quality Prediction
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Abstract: Urban air quality forecasting is a fundamental basis for precise air pollution control and public health
risk management. Affected by the multiple coupling of emission sources, meteorological conditions, and
atmospheric chemical processes, pollutant concentration time series generally exhibit strong nonlinearity, non-
stationarity, and multi-scale characteristics: short-term fluctuations on the hourly scale, traffic and living
emission rhythms on the daily scale, production activity cycles on the weekly scale, and seasonal meteorological
evolution are superimposed, making accurate forecasting a challenging task. To address this issue, this paper
proposes a multi-scale attention LSTM model (MSA-LSTM). The model first divides the input sequence into
sub-sequences of hourly, daily, and weekly scales through multi-scale sliding windows, and extracts temporal
features at each scale with bidirectional long short-term memory networks (BiLSTM). A multi-head self-
attention module is then introduced to adaptively fuse the multi-scale features so that the model can dynamically
adjust the contributions of different scales according to the forecasting task. Finally, a fully connected layer
generates multi-step forecasting results. Using hourly monitoring data of an urban air quality station from
January 2023 to December 2024, systematic comparative experiments are conducted against ARIMA, random
forest, LSTM, Transformer, and Informer. The results show that MSA-LSTM achieves the best performance in
multi-step forecasting tasks at 1 h, 6 h, 12 h, and 24 h horizons, with a mean absolute error of 6.2 p. g/m?, a root
mean square error of 9.8 . g/m?, and a coefficient of determination of 0.93 for 24 h forecasting. Ablation studies

further verify the independent contributions of the multi-scale decomposition and attention fusion modules. The



results indicate that the combination of multi-scale modeling and attention mechanisms can significantly
improve pollutant concentration forecasting accuracy, providing methodological references for data-driven
environmental modeling in multidisciplinary contexts.

Keywords: deep learning; time-series forecasting; attention mechanism; multi-scale features; air quality; PM2.5
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