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1. Introduction

= The Northeast Asian region may be in the same air basin
= The air quality in Korea : long-range transport + local emissions

= Big data and ML algorithms reflecting the long-range transport as well as
locally characteristics
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1. Introduction

Visions

= Accuracy to meet the public needs to protect health in advance

= Performance for PM2.5 forecast

- Final : Accuracy : 90%, POD :80%, FAR: 30% or less
= Al forecast that communicates with the public

: explanation of the cause of high concentration by case dassification

Why ML ?

« CTM forecast limitation : Uncertainties in input data & CTM itself
Forecaster's conceptual forecast: subjective bias, cognitive limitations

« Recent measurements and forecast data become Big Data: Systematic
processing and analysis are required



1. Introduction

Diagram of ML forecasting system in Korea

= Development of ML forecasting system reflecting the long-range transport in
Northeast Asia and local characteristics of PM.
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1. Introduction

Forecast time schedule and regions

= 19 forecast regions with 6 cluster groups for cluster analysis
= Ti(i=1,15) : basic time interval for ML forecasting is 6 hours rather than 1 hour
= Forecast is 4 times a day for 3 days

) <19 forecast regions with 6 cluster groups>
<Forecast time schedule>
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1. Introduction

Evaluation method

<A verification statistics used to evaluate <Statistical Analysis Method>
category forecasts>
Forecasted Foreiasted \ Index Of Agreement(IOA)
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2. Primary and secondary big data

Primary BD - Air quality and weather monitoring data

» Used for CMAQ Data Assimilation
= 2 D. concentration map by kriging the point data for CNN input
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2. Primary and secondary big data

Primary BD- Korean Air Quality Forecasting System(KAQFS)

= CASE4 (CMAQ) : WRF V3.6.1 with GFS, CMAQ v4.7.1

= Asia emission inventory : MEIC (2010), REAS (2008), Korea : CAPSS (2011)
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2. Primary and secondary big data

Secondary BD - Back trajectory and Cluster analysis

» clustering analysis by back trajectories

= C4 and C3 are representing the long-range transport from China to Korea
oM 043 GG SMEF (321, 15.7%)

a
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No. of days for PM episode

C1 HEF (303, 151%) C4 MBR (582, 285%)
; ‘ ; Ct 2 c3 c4
i'; ‘I PM episode days 28 16 37 86
If; ‘l Yellow sand days 8 1 23 6
I,

c2 22 7% (476, 233%)

<Air quality monitoring stations>



2. Primary and secondary big data

Secondary BD - Regional Contributions

Model : CAMx PSAT, 20 source regions including China and Korea
Regional emission source (R1-R20) contribution on 19 forecasting regions
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2. Primary and secondary big data

Secondary BD — Anomaly

= WRF model predictions

Temp at surface
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2. Primary and secondary big data

Secondary BD - Cosine similarity AL ACIm—high
l

f_ l
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3. Results & Discussions - RNN

Long Short-Term Memory (LSTM) model - SNU, Prof. Chang-Hoi Ho

i 1 T llnfLr

Encoder Decoder —

= LSTM model has encoder and decoder parts which are equivalent to observation and model data.

= LSTM model has 2-stacked layers and outputs of that are PM, < concentrations for two-day forecast

» 3-month separated models

\ 4

Jan—Dec Jan—-Feb—Mar | Feb—Mar—May Nov—-Dec—Jan | Dec—Jan—Feb

=  We use separate one year to 12 sets of consequence 3-month periods because atmospheric conditions

that affect PM, 5 concentrations vary with season.

> Ho, Chang-Hou et al., “Development of a PM, . prediction model using a recurrent neural
network algorithm for the Seoul metropolitan area, Republic of Korea” , AE, 2021.
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3. Results & Discussions - RNN

Daily prediction for 19 forecasting regions (2020.1-2020.5)

FAR (256)
b=

o (MAQ I RAN

203 45 6 7 8 90101 1BYWIEIWKD

1819 12 3 45 67 8 9100020153 WIHI

718

67 8 9101112 1B

23 45

L 12345 67 8 910001213 WWDHILWKTDY

) 345678 900D BUSIDY
1: SU, 2: IC, 3: GGN, 4: GGS, 5:
15: GJ, 16: JLN, 17: JLS,

B9

123456768901

GWW, 6: DJ, 7: SJ, 8: CCN, 9: CCS,
,19:1])

Bar and dot indicates RNN and CMAQ(CASE4) results, respectively

123 uWBHWKTD

The accuracy of RNN decreased below 70 % at one- and two- day forecast.

The POD of RNN has high performance, but the FAR have also high values.

In validation and test periods, RNN got better results than CMAQ.

o (MAQ WP

B WL Ww K

ESS

311516 0 kK

B WL w0 K

5
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3. Results & Discussions - cNN

Input variables and Kriging for 2 D. maps

Classification Input variable

Observed surface PM concentrations, kriging : PM (T1 ~ T5)
Grid data Meteorology, kriging: U, V, TA, RH (T1 ~ T5)
Forecasted PM concentrations : PM2.5 (T6 ~ T15)

)

Observation at T5 : O_U, O Pa,
2, 3,0

'V, 0 O_T, O_RH, O_RNN, O_rad, O_PM10, O_PM2.5, SO2,
O_N 00O CO, etc.

Regional Point
data Forecast data at Ti(i : 6 ~ 15): f PM2.5, f U, f V, f MH, f GPH_850hPa, f U_850hPa,
f_U_850hpa, f_V_850hpa, f_RH_850hpa,
f_T_850hpa, f_GHP_925hpa, f_U_925hpa, f_V_925hap,
f DT_850-925

S~

= h

Observed PM2.5 data 2 dimensional PM2.5 map by Kriging interpolation
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3. Results & Discussions - cNN

CNN with VGG 16 network

» VGG 16 Net
: Convolution layer (3x3 Filter, padding size 1), Max pooling (2x2 filter, 2 stride)
= Data balancing for bad air quality index

PM2.5 krig(3D) + PM2.5 0| £(2D)+ Julian 4X3X512+
146 X 122 X 5 X 64

4X3X1X512X5+

36,906
73X 61X 3 X 128 i
Gony Goml 36X 30 X 1X 256 —

. Conv  Conv —

5.1 50 Conv Conv Conv 18X 15X 1X512 =
3-1 32 32 Conv Conv Conv 9 X7 X 1X512
) . 4-1 4-2 4-3 Conv ConvConv

Pooling Pooling Pooling Pocling Pooling| —

l -

146 X 122X 5 X 64 T — . output
L Conv Ioais " 36X 30X1X256
4. 14 .12 s Conv  Conv
2.1 2.2 Conv Conv Cony 18X 15X 1X512
34 3.2 33 Conv Conv Conv 9 X7 X 1X512
4 4-1 42 43 Conv ConvConv -
1
- -—
Pooling Pooling Pooling Pooling Pooling
146 X 122 X 64
C‘Ior;v C‘IOI'ZIV 73X61X128 36 X 30 X 256
E E Conv  Conv
3 = 2-1 2-2 Conv Conv Conv L gl
Conv Conv Conv 9XT7 X512 p—

Pooling Pooling Pooling Pooling Julian : 42



3. Results & Discussions - cNN

Daily prediction for 19 forecasting regions (2020.1-2020.3)
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= ACC:60 -80%, POD : 60-90%, FAR : 20-60%
= CNN improves ACC and FAR comparing to CMAQ
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3. Results & Discussions - DNN

Input Variables and Hyperparameters

Node=140

" Hidden Layer1

Input Layer

Hyper parameters

Layer
Node

IR e

EPOCH : 100,000 epoch
Learningrate : 0.009

5 layer
140-70-35-17-8-1

Batch size : 1

Seed number : 1

Activation function : sigmoid
Cost function : MSE

PM. Al Input variables

Primary data

Secondary data

. . .. Pattern/Regional Cosine
Observation| Prediction contribution Anomaly Al
T5 Ti (i:6~15) Ti (i:6~15) Ti (i:6~15) Ti (i:6~15)
ou f PM2.5 cluster_pattern_PO1 a_1000hpa_gpm cs_1000hpa_gpm
oV f RH cluster_pattern P02 a_1000hpa RH cs_1000hpa RH
O Pa f MH cluster_pattern_P03 a_1000hpa Ta cs_1000hpa Ta
O Ta f Pa cluster_pattern_ P04 a_1000hpa U cs_1000hpa U
O Td f Ta cluster_pattern_P05 a_1000hpa V cs_1000hpa V
O RH fuU PM2.5 01 a_1000hpa W cs_1000hpa W
O RN _ACC fVv PM2.5 02 a_925hpa gpm cs_925hpa_ gpm
O_Radiation f RN_ACC PM2.5 03 a_925hpa RH cs_925hpa RH
O PM2.5 f 850hpa gpm PM2.5 04 a 925hpa Ta cs 925hpa Ta
0 03 f 850hpa U PM2.5 05 a_925hpa U cs 925hpa U
O _NO2 f 850hpa V PM2.5 06 a_925hpa V cs 925hpa V
0 _Co f 850hpa_RH PM2.5 07 a_925hpa W cs 925hpa W
0_S02 f 850hpa Ta PM2.5 08 a_850hpa_gpm cs_850hpa_gpm
O PM10 f 925hpa_gpm PM2.5 09 a_850hpa RH cs_850hpa RH
f 925hpa U PM2.5 10 a_850hpa Ta cs_850hpa_Ta
f 925hpa V PM2.5 11 a_850hpa U cs_850hpa U
f temp 850 925 PM2.5 12 a_850hpa V cs_850hpa V
PM2.5 13 a_850hpa W cs_850hpa W
PM2.5 14 a_700hpa_gpm cs 700hpa gpm
PM2.5 15 a_700hpa RH cs_700hpa RH
PM2.5 16 a_700hpa Ta cs_700hpa_Ta
PM2.5 17 a_700hpa_U cs_700hpa U
PM2.5 18 a_700hpa V cs 700hpa V
PM2.5 19 a_700hpa W cs_700hpa W
PM2.5 20 a_500hpa gpm cs_500hpa_ gpm
a_500hpa RH cs 500hpa RH
a_500hpa Ta cs 500hpa Ta
a_500hpa U cs 500hpa U
a_500hpa V cs 500hpa V
a_500hpa W cs 500hpa W
a_300hpa gpm cs_300hpa_gpm
a_300hpa RH cs_300hpa RH
a_300hpa Ta cs_300hpa Ta
a_300hpa U cs_300hpa U
a_300hpa_ V cs 300hpa V
a_300hpa W cs_300hpa W




3. Results & Discussions - DNN

Daily prediction for 19 regions (2020.1-2020.3)
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3. Results & Discussions - Ensemble

Ensemble forecasting

Hybrid-type forecast module of Ensemble concept that comprehensively reflects the
predictive characteristics of each of the developed DNN, CNN, and RNN
Ensemble : Average
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3. Results & Discussions - Al Test bed

Real time Al forecasting Test bed

= Real time forecasting performance for DNN, RNN, CNN and Ensemble

AlIFM Al Forecasting Master Eqké'{)"—li‘i_q 7.‘;‘31'01]5'-5-’%‘ Ol—lé;gs——!!E‘E‘)Sl

5 HHAEE dHEN OiF
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&2 =2y
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Fr

Ensemble

e
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W AZHE o2 Ed)
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(=]
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3. Results & Discussions - Al Test bed

Forecasting performance on Real time Al forecasting Test bed

= Period : 2020.1.1 - 2020.5.20
= DNN, RNN, CNN, Ensemble performance for D+1, D+2.
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4. Conclusion

Machine learning improves PM forecasting performance by minimizing the bias
errors of CTM forecast.

Continuous efforts are still necessary to develop additional big data and improve
their accuracy.

In addition, it is judged that the accuracy of the Al forecast can be improved through
an integrated effort for artificial intelligence algorithms.

Artificial intelligence forecasts under development need to be continuously verified
and supplemented through real-time forecasts via Test Bed operation.



