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Abstract  The purpose of this study is to develop an Al model for forecasting the spatial distribution of PM, 5 concen-
trations over the Korean Peninsula for the next 24 hours. To achieve this, four Conv-LSTM (Convolutional Long Short-Term
Memory) based Al models were proposed, and their forecasting performance was compared with that of the CMAQ (Com-
munity Multiscale Air Quality) model to identify the most suitable Al model for this task. The proposed Al models share an
identical network structure but differ based on the application of the ReLU activation function: Case 1 (no ReLU function
applied), Case 2 (ReLU applied to encoder and decoder layers), Case 3 (ReLU applied to the output layer), and Case 4 (ReLU
applied to the encoder, decoder, and output layers). The results showed that although the proposed Al models did not
outperform the CMAQ model in terms of data characteristic simulation, they exhibited improved prediction accuracy and
spatial pattern simulation performance. Specifically, the Case 3 model exhibited the smallest range of RMSE values, with
hourly RMSE ranging from 8.16 to 8.76 ug/m? and spatial RMSE from 6.60 to 7.26 ug/m>. On average, the Case 3 model
showed an improvement of 1.81 pg/m3 in RMSE and 1.31 ug/m? in spatial RMSE over the CMAQ model, demonstrating the
best prediction accuracy and spatial pattern simulation performance among the proposed Al models. Therefore, Case 3 was
selected as the most suitable Al model for forecasting the 24-hour PM, s spatial concentration distribution over the Korean
Peninsula. To evaluate the spatial distribution simulation performance of the selected Case 3, the PM, 5 concentrations during
the selected high-concentration period were forecasted. The results showed that the model effectively simulated the
movement trajectory and distribution, closely resembling the actual data, and accurately forecasted the high-concentration
areas. The results of this study suggest that the predictive performance of Al models can vary depending on the use and
placement of the ReLU activation function, and demonstrate the potential of the proposed Conv-LSTM-based Al models to
overcome the limitations of chemical transport models like the CMAQ model. However, the Al model exhibited limitations in
predicting peak concentration values at high-concentration points. Therefore, future research will focus on adjusting the
proportion of high-concentration cases to enhance the Al model’s prediction performance.
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Table 1. Detailed features of CMAQ model air quality forecast data, WRF model weather forecast data, and Assimilation
CMAQ PM, 5 forecast data: CMAQ model air quality forecast data and WRF model weather forecast data are 24-hour-ahead
(D + 1) predictions of atmospheric pollutant and meteorological factor spatial distribution from 00:00 to 23:00, generated by
the CMAQ and WRF models. Assimilation CMAQ PM, s forecast data consists of the spatial distribution of PM, 5 from the assim-

ilation forecast data.

Data classification
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WRF Meteorological Factor Spatial
Distribution Forecast Data

Temperature (°C), Precipitation (mm), Humidity (%), Wind direction (°), Wind speed (m/s),
Atmospheric Pressure (Pa)

Assimilation CMAQ PM, 5 Forecast data PM, 5 (ug/m?3)
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Fig. 1. Network Architecture of the Community Multiscale Air Quality (CMAQ) model.

Fig. 2. Nested Grid Domains Used in the CMAQ Model: 27 km (East Asia) and 9 km (Korean Peninsula).
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(a) Case 1

Input layer Encoder layer  Decoder layer Output layer
(c) Case 3
Input layer  Encoder layer ~ Decoder layer  Output layer

|:I : Input Layer
[ Relu Function

— : Layer Output

(b) Case 2

Input layer Encoder layer  Decoder layer Output layer

(d) Case 4

Decoder layer Output layer

Input layer Encoder layer

- : 2D Conv-LSTM Layer

I:l : Batch Normalization

=====>: Context Vector

Fig. 3. Proposed Al model structure: (a) Case 1, model without ReLU; (b) Case 2, ReLU in Encoder-Decoder layers; (c) Case 3,
ReLU in the output layer; (d) Case 4, ReLU in both Encoder-Decoder layers and the output layer.
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Table 2. Proposed Al Model Settings: Model Compilation, Model Hyperparameters, and Conv-LSTM Settings for Each Layer.

Proposed Al Model Settings

Compilation Optimizer Adam
P Loss function MAE
Learning rate 1.00e-4~1.00e-6
Hyperparameter Epoch N
yperp Validation Split 0.2(20%)
Batch size 18
Number of filters 36

Encoder, Decoder Conv-LSTM layer Kernel size 3%3

Conv-LSTM settings
Number of filters 1

Output Conv-LSTM layer
utpu v 4 Kernel size 1x1

CMAQ Model [ —

CMAQ model
D+1 1~24H >
predict result data

Al Model
(use Conv-LSTM)

\ 4

Al model
D+1 1~24H

WRF Model ) — predict result data

WRF model
D+1 1~24H
predict result data

Fig. 4. Prediction Framework for 24-Hour PM, 5 Spatial Distribution Over the Korean Peninsula Using CMAQ and WRF Models
with a 9 km Grid. The framework uses meteorological data from the WRF model and air quality data from the CMAQ model as
inputs to generate PM, 5 concentration forecasts for the following day.
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Fig. 5. Learning curves of the proposed Al Model: (a) Learning curve of Case 1, (b) Learning curve of Case 2, (c) Learning curve

of Case 3, (d) Learning curve of Case 4.

Table 3. Epoch, Learning Rate, Training Loss, and Validation
Loss at the Save Point of the Proposed Al Models.

Case  Learningrate Epochs Trainloss  Validation loss
Case 1 1.00e-4 10 0.0089 0.0117
Case 2 1.00e-4 18 0.0086 0.0114
Case 3 1.00e-4 25 0.0087 0.0114
Case 4 1.00e-4 24 0.0085 0.0115
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Table 4. Statistical Metrics of Actual Data, CMAQ Model Predictions, and Proposed Al Model Predictions (unit: ug/m3).

Classification Min value Max value Mean Std Var
Actual data 14.00e-4 518.10 14.00 13.00 167.98
CMAQ data 4.00e-4 555.43 14.71 15.42 237.81

Case 1 -54.00 119.16 13.18 9.41 88.63

Case 2 -410.83 391.32 14.15 9.74 94.80

Case 3 1.30e-4 213.02 14.00 9.42 88.78

Case 4 1.30e-4 1330.47 13.55 9.20 84.60
(a) RMSE

12

RMSE (ug/m?3)
o

1 2 3 4 5 6 7 8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Predict Time (Hours)

(b) Spatial RMSE

107

Spatial RMSE (ug/m?)

6 7 8
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Fig. 6. Bar Graphs of Temporal Trends in (a) RMSE and (b) Spatial RMSE for the CMAQ Model and Proposed Al Models.
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Table 5. Average Improvement in RMSE and Spatial RMSE
of Proposed Al Models Compared to the CMAQ Model.

(unit: ug/m?)
Classification ) RMSE _Spatial RMSE
improvement improvement
Case 1 1.78 122
Case 2 1.82 132
Case 3 1.81 131
Case 4 157 1.25
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Fig. 7. Conv-LSTM Model Forecast Results (Case 3) for High-Concentration PM, 5 Events (12:00, January 8, 2024~06:00,

January 9, 2024).
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Fig. 8. CMAQ Data Assimilation Results for High-Concentration PM, 5 Events (12:00, January 8, 2024~06:00, January 9, 2024).
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Fig. 9. PM, s High-Concentration Prediction Results at 18:00, January 8, 2024: (a) Al Model, (b) CMAQ Data Assimilation

Results (A: Pohang, B: Yeosu).
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