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Abstract

The purpose of this study is to improve the daily prediction results of PM2.5 from the air quality diagnosis and evaluation
system operated by the Busan Institute of Health and Environment in real time. The air quality diagnosis and evaluation
system is based on the photochemical numerical model, CMAQ (Community multiscale air quality modeling system), and
includes a 3-day forecast at the end of the model’s calculation. The photochemical numerical model basically has limitations
because of the uncertainty of input data and simplification of physical and chemical processes. To overcome these limitations,
this study applied DNN (Deep Neural Network), a deep learning technique, to the results of the numerical model. As a result
of applying DNN, the r of the model was significantly improved. The r value for GFS (Global forecast system) and UM
(Unified model) increased from 0.77 to 0.87 and 0.70 to 0.83, respectively. The RMSE (Root mean square error), which
indicates the model's error rate, was also significantly improved (GFS: 5.01 to 6.52 ug/m?, UM: 5.76 to 7.44 ug/m?). The
prediction results for each concentration grade performed in the field also improved significantly (GFS: 74.4 to 80.1%, UM:
70.0 to 77.9%). In particular, it was confirmed that the improvement effect at the high concentration grade was excellent.
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MAH o2 FAS 4HAstet TAE7} ZIsiH ] o}
2t 20| HZ]=(PM, 5, particulate matter with an
aerodynamic diameter < 2.5 gm) TAIA] ol 4 9]
A Zst 87 BAo] Q1o Q1A E o] gttt Zu|AH
A= 59 73l L JFS nx]H E5] Ad o]
U 25714 A fH-& T o]e} TR AFYRES
£ Z7M71E AL R I3 A tHOstro et al., 2007;
Pope et al., 2015). WEbA] ZH|AHZ] Q] A|F7HAQ1

RO Q191291 WS Qe B skl Ul
2 Aok S 22 Slet chope A} o] 2ol

3 0] 7]
gttt Z1RIAE dEste AF5HEd e APdEH
(Multiple Linear Regression, MLR)Z A]7FH™E T2
1 G uAER] FEE &3] f1et 2w & 7]
A1xtet skshakg B 7)ARIAReE 9149718 AOD
(Aerosol Optical Depth) Zt= 5= &8t thafet &
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Fig. 1. Modeling domain for air quality diagnosis and evaluation system. Left part shows locations of domain1 to domain3, right
part shows geographical features of domain4 and locations of air quality monitoring stations.
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de A5 AZ3)sto] ool e|obE Fote] Fo st
I thKorea Environment Corporation, 2022).
2 2|2 F Hx 2 FARFG Ao A= CMAQ 2E
= 7|Hte 2 st g7 AGG7AARE F5S)o]
201795E A9 di7| e dEd s=E dSsk=t
ghg-otal Qlrt. shA|gt F3let 2 E o] AuE A
oz tV]ed dEArg AMES|dE AEEE
71 A=49] Frot 2pol7p WAYSH| wEol tha
Fe7t o o= viEF A= B2, 27
7178783 7178 Bt ke B, mEofA] ALEE]
= WL9EH 5k 2717%9] AAete] Zo] |1
Do AL = S, 3] o] gt 5 712 A
Q1 EAIA] 71Q1RFHChoi and Koo, 2013). ©HhA]
ol2gt F3lel FA R O] 7] ARI oFE Hetalr]
flste] dEdztm 9 27|29 @43} 2d Y &4,
st o] 7|4 5 TRt A7t 2|52 08 o]Fof
] 23 QItHChoi and Koo, 2013; Kim and Jang,
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Table 1. Grid configurations of modeling system

B

oA 2] o Bk 597

Model domain

Grids information

Domainl 174 x 128 x 27 km
Domain2 67 x 82 x 9km
Horizontal grids
Domain3 83 x 83 x 3 km
Domain4 78 x 70 x 1 km
. . 1.000, 0.995, 0.990, 0.985, 0.970, 0.950, 0.930, 0.910,
Vertical levels sigma levels

0.880, 0.840, 0.800, 0.740, 0.700, 0.600, 0.450, 0.000

Table 2. Descriptions of model configurations

WREF physics options

CMAQ options

® Microphysics option : WSM 6-calss graupel

® Long wave radiation : RRTM

e Short wave radiation : Goddard

® Surface layer scheme : MM5 similarity

e Land surface scheme : Noah Land Surface Model
® PBL scheme : YSU

e Cumulus parameterization : Kain-Fritsch

¢ Horizontal advection : YAMO

® Vertical advection : WRF

¢ Horizontal diffusion : Multi-scale
o Vertical diffusion : Eddy

® Gas-phase chemistry : CB5

e Aerosol chemistry : AE5

® Dry deposition : M3Dry
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Fig. 2. Schematic diagram of the procedure in air quality diagnosis and evaluation system.
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G 7HX 27 9] 7)/4491 =12k 2 = National Center
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Fig. 3. Schematic diagram of the forecasting time table in the air quality diagnosis and evaluation system.
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Fig. 4. Air pollution class forecasting process based on CMAQ results including weather forecast data and tendency of

concentration over Korea.
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of AMgste FoMor A9 HiEFtRR F9)
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University®llAl 7HLE o™ S=AFE tfoz 4=
BolldE 0.25%2 power, industry, residential,
transportation, agriculture®] 57i F-&of tisto] uvf
%S 7H5kL QItHMEICModel, 2021). REAS &
-2 Ohara et al.2007)°1 9Jsf == /HL=E o™
SOz, NOx, CO, NMVOC 5 & 10711 £l viste] of
Aok AA|of| tiste] 0.25% SHd R siEdS &

7W8kaL It} (Ohara et al., 2007; Regional Emission
inventory in ASia Data Download Site, 2021). =]
&S A S5 7| AHA G BATE o] 7)1
YR FA 2 (Clean Air Policy Support System,
CAPSS)lIA 37h== 2017 BiE9E, 1 km AAHE
&S AMSSETE A E 71 2 BlEE 48 s
52 FFAH o FIet 2Rl CMAQel dEd
T} CMAQ-2 "= EPA7F A3t AR FollA 7HE
ol o] §x= 321 F3et e At thr]d mdlo]
H, 7] F L¥sE, 434, F434 5 o= 714
=24 BT 7] FollA T t= B3tet vhg T A
Algt =238t v B ES 85k 9 tHByun and
Ching, 1999; EPA, 2021). ti71d g 7px| A5 9]
Fzot mEle] 242 Table 2, Fig. 201 AlAIsHAT
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Fig. 5. Conceptual diagram of an artificial neural network including the flow of input and output data in this study.
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Table 3. List of input parameters used to train DNN model

Variable type Name Description
CMAQ model output cmaq Daily mean CMAQ ouput at PMj s monitoring site(predicted value)
CFRAC Total cloud fraction at PM, s monitoring site(predicted value)
PBL Planetary boundary level height at PM, s monitoring site(predicted value)
Meteorological PRSC Surface pressure at PM; 5 monitoring site(predicted value)
elements Q2 Mixing ratio at PMy s monitoring site(predicted value)
TEMP2 Temperature at PM, s monitoring site(predicted value)
WSPD10 Wind speed at PM, s monitoring site(predicted value)
NOx Nitrogen oxide concentration at PM, s monitoring site(historical value)
03 Ozone concentration at PM, s monitoring site(historical value)
CcO Carbon monoxide concentration at PM, s monitoring site(historical value)
SO2 Sulfur dioxide concentration at PM, s monitoring site(historical value)
Air pollutant PM10 PM; concentration at PM, s monitoring site(historical value)
PM25 PM, 5 concentration at PM, s monitoring site(historical value)
PM25bkg Spatial mean PM, 5 concentration over national background monitoring site(historical value)
ulsan Spatial mean PM; 5 concentration throughout Ulsan Metropolitan City(historical value)
gsnd Spatial mean PM; 5 concentration throughout Gyeongsangnam—do Province(historical value)
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Fig. 6. Schematic diagram of the air pollution forecasting process with DNN.
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Table 4. Performance of daily mean predicted PM, 5 from CMAQ model using GFS and UM meteorological input data.
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Fig. 7. Scatter plots of the daily mean PM, 5 concentration between CMAQ results and observation values using
GFS(left) and UM(right) meteorological input data.
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Fig. 8. Time series of the daily mean PM, 5 concentration between CMAQ results using GFS and UM meteorological input data

and observation values.
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Table 5. Performance of prediction by concentration grade using GFS meteorological input data during training periods

(2022. 1.-2022. 9.)

GFS
total : 74.4%
very unhealthy unhealthy moderate good total
=76 very unhealthy

0 236 unhealthy 146(46.2%) 169 1 316
B >16 moderate 219 1,676(66.56%) 623 2,518
S 20 good 6 891 3,735(80.63%) 4,632
total 371 2,736 4,359 7,466

Table 6. Performance of prediction by concentration grade using UM meteorological input data during training periods

(2022. 1.-2022.9.)

total : 70.0% M
very unhealthy unhealthy moderate good total
=76 very unhealthy
o) 236 unhealthy 138(43.53%) 179 317
B =16 moderate 214 1,731(68.96%) 565 2,510
S 20 good 34 1,231 3,313(72.37%) 4,578
total 386 3,141 3,878 7,405
A 5T B35 Aol Ao E AXE 2o 2 HFES HAAth HE Sl AH 66.56%,
A= Aasdef ool &7 "t whebA ti7] 2 HA 068.96%, W& SENIA 242 46.5%, 43.53%= A
U TES 83 5ol 5 YeloflA] Z-8HaL AFES GFS7t 74.4%, UM®] 70.0%% GFS 71449

HDepartment for Environment Food & Rural
Affairs, 2021; Ministry of Earth Science, Govt. of
India, Indian Institute of Tropical Meteorology,
2021). = e A5 FA7IE Aol THE T T
= E85Hl el Tk ol Tt EE, BE,
TR, W UHE o] 49 A2 S-St deH(Table 4,
5). FAPZAA BAGH AT LNAE CMAQ REZ
5 o & 3 3U3ke] Ao ZH|AHR] T
TES HATHeR Aq5¢HstA Ut Table 5, 62
GFS9t 71737 UM 71498 AF=g 283 2871 Hi7]
HEE5H A AA ] diste] AT A (day0)S] CMAQ
ZUAER] B ASATE T HI= et
A T3k B HLAeH G| o] 5 yERd Aol
TableolX &2t= FE5w2 FAYSHE oot &
S AAlE TG FEEE0] Sl tiet Rl A
At s=5He AFES ndtth GFSeH UM 2

¢

T F5 SaolA A2 80.63%, 72.37%= 7V w2
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Table 7. Performance of daily mean predicted PM, 5 from CMAQ+DNN.

MB RMSE
GFS+DNN UM+DNN GFS+DNN UM+DNN
1.34 1.32 5.01 5.76
100 100
r=0.87 r=0.83

80 80

60 60
(7] (7]
o0 )
o o

40 40

20 20

0 0

0 20 40 60 8 100
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0 20 40 60 80 100
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Fig. 9. Scatter plots of the daily mean PM,s concentration between CMAQ+DNN results and observation values using

GFS(left) and UM(right) meteorological input data.
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Fig. 10. Comparison of daily predicted PM; 5 time series between CMAQ and CMAQ+DNN.
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Table 8. Performance of prediction by concentration grade using GFS meteorological input data and DNN during training
periods(2022. 1.-2022. 9.)
GFS+DNN
total : 80.1%
very unhealthy unhealthy moderate good total
=76 very unhealthy
0 =36 unhealthy 5 211(67.63%) 96 312
B =16 moderate 164 2,049(82.85%) 260 2,473
S =0 good 1 918 3,542(79.40%) 4,461
total 5 376 3,063 3,802 7,246

Table 9. Performance of prediction by concentration grade using UM meteorological input data and DNN during training periods

(2022. 1.-2022.9.)

UM+DNN
total : 77.9%
very unhealthy unhealthy moderate good total
=76 very unhealthy

o =36 unhealthy 5 184(58.79%) 124 313
B =16 moderate 156 1,951(79.15%) 358 2,465
S =0 good 6 945 3,480(78.54%) 4,431
total 5 346 3,020 3,838 7,209
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Fig. 11. The change of accuracy rate at each class after DNN application.
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