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Performance Evaluation of LSTM-based PM2.5 Prediction Model
for Learning Seasonal and Concentration-specific Data
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[Abstract]

Research on particulate matter is advancing in real-time, and various methods are being studied to improve the accuracy of prediction
models. Furthermore, studies that take into account various factors to understand the precise causes and impacts of particulate matter are
actively being pursued. This paper trains an LSTM model using seasonal data and another LSTM model using concentration-based data. It
compares and analyzes the PJ/, 5 prediction performance of the two models. To train the model, weather data and air pollutant data were
collected. The collected data was then used to confirm the correlation with P4, .. Based on the results of the correlation analysis, the data
was structured for training and evaluation. The seasonal prediction model and the concentration-specific prediction model were designed
using the LSTM algorithm. The performance of the prediction model was evaluated using accuracy, RMSE, and MAPE. As a result of the
performance evaluation, the prediction model learned by concentration had an accuracy of 91.02% in the “bad” range of AQI. And overall,
it performed better than the prediction model trained by season.
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Table 1. Collected data correlation analysis result.
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correlation analysis
variable
total spring summer fall winter
Temperature -0.30 -0.12 -0.11 -0.21 0.16
Wind speed -0.24 -0.29 -0.23 -0.35 -0.25
Wind direction -0.09 -0.08 0.05 -0.17 -0.19
Precipitation -0.09 -0.08 -0.12 -0.09 -0.04
Meteorological Humidity 0.02 0.20 -0.12 0.21 0.18
elements Vapor pressure -0.30 0.07 -0.24 -0.11 0.24
Station pressure 0.25 0.13 0.03 0.19 -0.14
Sea-level pressure 0.25 0.12 0.03 0.20 -0.15
Dew-point Temp. -0.25 0.11 -0.23 -0.06 0.29
Cloud cover -0.04 0.02 -0.20 0.01 0.15
PM, 0.80 0.61 0.89 0.86 0.89
O, -0.10 -0.10 0.29 -0.14 -0.13
Air pollutants co 0.63 0.56 0.58 0.63 0.56
NO, 0.56 0.45 0.34 0.54 0.49
S50, 0.27 0.26 0.28 0.20 0.19
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Fig. 1. Dataset structure of prediction models.
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Table 2. Hyper parameter search result(season)

parameter spring summer fall winter
units 60 180 180 60
dropout rate 0.5 0.4 0.3 0.0
batch size 20 100 30 20
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Table 3. Hyper parameter search result(concentration)

parameter low concentration high concentration
units 100 20
dropout rate 0.5 0.5
batch size 40 20
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Table 4 Prediction performance.

prediction model prediction model

indicator by season by concentration
aceurac 72.29% 82.75%
Y (5641 /7803) (6409 / 7745)
RMSE 891 7.74
MAPE 29.82 25.03
1 trati
o :zgﬁf:cya on 71.96% 81.67%
. 4846/ 6734 5463 / 6689
(< 36ug/m*) ( ) ( )
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accuracy
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(946 / 1056)

‘Good’ accuracy 69.59% 73.59%
(<16pg/m*) (2334/3354) (2455 / 3336)
‘Moderate’ accuracy 74.32% 89.71%
(<36pg/m*) (2512 /3380) (3008 / 3353)
‘Bad’ accuracy 75.54% 91.02%

(7751 1026) (922/1013)
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“Very bad’ accuracy
(76pg/m* <)

46.51%
(20/43)

55.81%
(24/43)
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Fig. 2. P), , prediction results of seasonal prediction model(a) and concentration-specific prediction model(b).
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