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A Study on Enhancing Air Pollution Prediction in Busan Using
Deep Learning Models

Wan-cheol Cho®, Woogon Do, Gyeongju Song, Jeong-ok Park

Air Quality Monitoring and Assessment Team

Abstract

This study developed and evaluated a Deep Neural Network (DNN) model to predict air quality levels
for PMys5, PMyg, and ozone in the Busan region for the next day (Dayl) and the day after (Day?2).
Observation data from 2021 to 2023 were used as training data, and the model's performance was
verified using data from January to October 2024. The CMAQ model exhibited bias, with predictions
skewed toward certain air quality grades. To address this bias and improve prediction accuracy, the
DNN model incorporated daily mean meteorological and air quality variables, daily maximum values,
and correction factors between previous predictions and observations as input variables. Additionally,
class imbalance was mitigated through proportional weight adjustments while maintaining the dataset
size. As a result, the GFS-based DNN model achieved prediction accuracies of 80.8% for PM, s, 82.5%
for PMjp, and 90.4% for ozone on Dayl, while the accuracies for Day2 were 79.1% for PM;s, 83.2%
for PMyp, and 90.4% for ozone. Similarly, the UM-based DNN model recorded accuracies of 80.5% for
PM,;5, 85.4% for PMjg, and 89.4% for ozone on Dayl, with Day2 results at 78.4%, 83.1%, and 89.8%,
respectively. These results confirmed that the optimized DNN model outperformed the CMAQ model
in terms of prediction accuracy while partially addressing its bias issues. However, the model's
performance still fell short of forecasts made by human experts, indicating a need for further
improvement. To enhance prediction accuracy, securing long-term training data and adopting
time-series deep learning models, such as LSTM or CNN, should be considered.
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Fig. 2. Domain configuration for air quality modeling. Left: Domains 1 to 3. Right: Domain 4 with
monitoring stations and geographical features.

Table 1. Grid configuration of CMAQ model

Configuration Model domain Grid information
Domain 1 174 X 128 X 27 km
) ) Domain 2 67 X 82 X 9km
Horizontal grids .
Domain 3 83 X 83 X 3km
Domain 4 78 X 70 X 1km

Vertical levels sigma levels

1.000, 0.995, 0.990, 0.985, 0.970, 0.950, 0.930, 0.910,
0.880, 0.840, 0.800, 0.740, 0.700, 0.600, 0.450, 0.000

71 A g7 A AR Fig. 31F Zo] 7|4 4
Ataet HiEY dPAtEE CMAQ 2Ho J=isto
Al EAR] 7| QA=A 55 AFESH . o T
714 olFat Foto] 8] fdes AU 7]
A} QI2XE = NCEP(National Center for Environmental
Prediction)®] GFS(Global Forecast System)9} 7|

GFS UM

GEOGRID
UNGRIB
METGRID
REAL
WRF

WRF

Weather Research
and Forecasting

CAPSS ASIA

POINT

SMOKE

AREA
Sparse Matrix Operator MOBILE
Kernel Emission BIOGENIC

=7 71V A RE Al Q] A9 of|E mHel
UM(Unified Model)2- 7]gFo 2 o]2 WRF(Weather
Research and Forecasting) Z@of U35t 9l
C}. 919 GRS A7 o 9slo]o], UM 473 of 12
km, @17 o 80km SIFES FHxIE A oR e
2, 5 g9 nt 52 43](00UTC, 06UTC, 12UTC,

Meteorological

input data

The Community Multiscale
Air Quality Modeling System

Emission
input data

Fig. 3. CMAQ modeling system: meteorological and emission data workflow
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Table 3. Input factors for air quality grade prediction models.

Variable type Variable Description
CFRAC Total cloud fraction at monitoring site (predicted value)
PBL Planetary boundary level height at monitoring site (predicted value)
PRSC Surface pressure at monitoring site (predicted value)
Q2 Mixing ratio at monitoring site (predicted value)
Meteorological TEMP?2 Temperature at monitoring site (predicted value)
elements W10X Wind x-component at monitoring site(predicted value)
WI10Y Wind y-component at monitoring site(predicted value)
GSW (O3 only) Solar radiation absorbed at monitoring site(predicted value)
RGRND (Os only) Solar radiation reaching the surface at monitoring site(predicted
value)
co Carbon monoxide(CO) concentration at monitoring site(predicted
value)
NO Nitric oxide(NO) concentration at monitoring site(predicted value)
NOZ Nitrogen dioxide(NO,) concentration at monitoring site(predicted
value)
Air pollutant NOX Nitrogen Oxides(NOyx) concentration at monitoring site(predicted value
concentration 03 Ozone(0O3) concentration at monitoring site(predicted value)
PM; 5 PM, 5 concentration at monitoring site(predicted value)
PMig PMio concentration at monitoring site(predicted value)
SO, Sulfur dioxide(SO2) concentration at monitoring site(predicted value
Volatile organic compounds(VOCs) concentration at monitoring
VOC . .
site(predicted value)
PM, 5 diff (PMy5 only) Difference between the modled and observed PM;s value
PMo diff (PMjp only) Difference between the modled and observed PMiq value
Adjustment O3 diff (O3 only) Difference between the modled and observed O3 value
factor PM;5 MODEL (PM;s only) PM;s grade derived from CMAQ model predictions
PM;o MODEL (PMjy only) PM;y grade derived from CMAQ model predictions
03 MODEL (03 only) O3 grade derived from CMAQ model predictions
Temporal Month Calendar month (1 to 12) indicating the monitoring time.
information Day of week Day of the week (0 to 6), reflecting weekly variations in air quality.
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Table 4. Observation frequency of PMig, PM;ys, and O3 quality Grades (2021-2023)

Observation frequency

Air
Year (East / West / South / Central)
el Good Moderate Unhealthy Very unhealthy
Total 2641 1581 154 4
(671 /558 /745 /667) (389/479/322/391) (34/57/27/36) 1/1/1/1)
2021 911 513 32 4
Pt (232 /190 /252 /237) (127 /158 /108 /120)  (5/16/4/7) (1/1/1/1)
2.5
2022 886 520 54 0
(219/184 /257 /226) (134/162/99/125)  (12/19/9/14)
2023 844 548 68 0
(220 /184 /236 /204) (128 /159 /115/146)  (17/22/ 14/ 15)
Total 2944 1336 76 24
(803 /657 /748 /736) (268 /411/322/335) (18/21/19/18) 6/6/6/6)
2021 972 460 16 12
U (261/219 /248 /244) (97 /139/ 110/ 114) 4/4/4/4) (3/3/3/3)
10
2022 1025 423 12 0
(282 /227 /258 /258) (80/134 /104 /105) (3/4/3/2)
2023 947 453 48 12
(260/211/242/234) (91/138/108/116) (11/13/12/12) (3/3/3/3)
Total 46 4022 312 0
(5/14/6/21)  (1008/1004/1013/1002) (87 /77 /76 /72)
2021 8 1367 85 0
o 0/2/1/5) (344 /342 /346 /335)  (21/21/18/25)
3
2022 % 1308 126 0
4/9/4/9) (327/324/331/326) (34/32/30/30)
2023 12 1347 101 0
(1/3/1/7) (332/338/336/341) (32/24/28/17)
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Fig. 6. Monthly observation frequency of PMyg, PM;s5, and O3 quality Grades (2021-2023)
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Table 5. Observation frequency of PMyg, PM2.5, and O3 Quality Grades (January-October 2024)

Observation frequency

Air _— (East / West / South / Central)
pollutant
Good Moderate Unhealthy Very unhealthy
PM 2024. 811 385 24 0
25 (AN-OCT)  (213/185/218/195) (87/112/ 82/ 104) (5/8/5/6)
PM 2024. 931 273 4 12
10 (AN-OCT) (243 /214 /242 / 232) (58/88/58/69) (1/0/2/1) (3/3/3/3)
0 2024. 8 1083 128 1
s (JAN-OCT) (3/3/0/2) (265 /266 /271 / 281) (37/36/33/22) 0/0/1/0)
Table 6. Prediction Accuracy of Forecasters and CMAQ Model Outputs (Day! and Day2)
. .. Prediction accuracy(%)
olﬁ‘fant Pge(gllrc‘élgn (East / West / South / Central)
- Total Good Moderate Unhealthy Very unhealthy
83.0 92.7 61.9 0
Forecaster o578 /812,83 (040/92.1/913/933) (667/57.9/642,/609) (-/0/-/-) -
PM;5 CMAQ 78.4 9.5 40.9 25.0 B
(Day1) (GFS) (795/735/832/715) (97.2/97.8/95.4/95.9) (36.9/33.3/519/436)  (0/400/0/33.3)
CMAQ 77.3 94.6 40.6 50.0 )
(UM) (79.9/71.1/82.2/75.8) (95.3/95.1/93.5/94.3) (40.5/31.5/51.9/41.6) (100/40.0/50.0 /33.3)
86.9 94.6 61.1
Forecaster g; /819 /882/877) (94.5/95.1/933/95.5 (590/57.6/675,/617) B }
PMjo CMAQ 83.1 97.5 32.1 B )
(Day1) (GFS) (83.6/80.2/86.6/82.2) (99.2/986/95.0/97.4) (16.1/33.3/50.0/28.8)
CMAQ 83.7 97.1 36.3 _ )
(UM) (84.9/80.5/85.2/842) (99.2/98.1/93.8/97.8) (23.2/35.7/48.2/737.9)
91.1 0 9%.5 58.7 0
Forecaster 6 /897,926,916 (0/0/-/0) (97.7/9.4/97.8/9%5.1) (58.6/60.0/54.5/62.5) (-/-/0/-)
03 CMAQ 89.9 0 96.6 40.5 0
(Day1) (GFS) (88.9/89.9/88.6/92.3) 0/0/-/0) (96.9/96.9/9%6.2/9%.4) (40.5/45.7/28.1/50.0) (-/-/0/-)
CMAQ 88.2 0 94.4 42.1 0
(UM) (86.6/87.9/88.6,/89.6) 0/0/-/0) (953/935,/95.1/93.8) (32.4/54.3/37.5/45.5) -/-/0/-)
81.3 93.6 54.8 57.1
Forecaster g1 /777/832/809) (932/960,/912/947) (593/493/604/52.9) (100/333/100/500) -
PM, + CMAQ 77.3 9.8 35.6 33.3 )
(Day2) (GFS) (78.2/73.2/815/76.2) (97.2/97.8/95.0/97.4) (31.3/31.8/46.2/350)  (0/40.0/0/66.7)
CMAQ 76.8 93.7 39.9 41.7 )
(UM) (795/72.8/79.2/748) (948/946/91.3/944) (41.0/36.4/462/38.0) (50.0/40.0/50.0/33.3)
86.0 91.8 62.7
Forecaster gr e /607/881/866) (92.9/91.9,/%05/92.0) (54.5/57.4,76.5/650) B B
PMjg CMAQ 84.1 98.8 31.4 B )
(Day2) (GFS) (83.9/80.5/88.6/832) (99.6/99.1/97.5/9.1) (16.1/32.5/50.0/27.3)
CMAQ 83.6 97.5 34.1 ) )
(UM) (84.2/79.9/86.9/83.6) (99.6/97.7/95.0/97.8) (17.9/33.7/51.8/33.3)
90.8 0 9.6 51.1 0
Forecaster  g;6 /001 /931,926 0/0/-/0) (95.4/97.1/98.9/95.) (44.4/50.0/52.2/643) -/-/0/4)
O3 CMAQ 89.1 12.5 97.2 27.0 0
(Day2) (GFS) (879/8719/886/919)  (333/0/-/0)  (97.3/97.3/97.0/97.1) (27.0/25.7/21.9/36.4) -/-/0/-)
CMAQ 87.8 0 94.5 38.1 0
(UM) (856/869/89.3/896) (0/0/-/0)  (942/935/958/94.5) (32.4/45.7/31.5/36.4) -/-/0/-)

. Highest value
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Table 7. Prediction Accuracy of DNN Model Using GFS-Based Data by Number of Hidden Layers

Number of Validation DNN-GFS, Prediction accuracy(%)
Air pollutant hi(;ggn lra oer accuracy (East / West / South / Central)
” (%) Total Good Moderate Unhealthy Very unhealthy
3 85 79.0 9.0 46.5 16.7 _
' (818/71.7/822/805)  (972/908/%H4/%64)  (452/46/468/515) (0/0/500/333
4 854 79.7 9.8 439 25.0 _
’ (845/71.1/80.1/71.)  (%B7/902/%0/90  (583/5%65/430/31.6) (0/400/5.0/0)
PMgs 5 85.2 79.2 9.3 44.6 83 _
(Day1) ‘ (818/774/825/MB.)  (%2/R4/917/84)  (416/5.6/430/31.7) 0/0/0/333)
6 854 80.0 95.0 495 16.7 _
: (82/788/80.1/788)  (%2/8.1/%8/%B4)  (488/639/380/436) 0/200/50.0/0)
7 854 79.6 9%.1 46.5 0 _
) (808/754/82/M.1)  (%B7/B5/%68/%B4)  (452/481/48.1/446) 0/0/0/0)
3 86.9 83.9 95.0 4.7 ~ _
' (838/815/859/845)  (975/91.5/96B4/914)  (250/5.0/536/39.4)
A 870 84.8 9.9 45.4 ~ ~
‘ (848/815/812/855)  (979/H4/HK2/910)  (286/488/571.1/455)
PMjo 5 86.7 84.8 9%.1 4.7 ~ _
(Dayt1) ' (842/848/852/848)  (B3/%B3/B8/90  (232/583/482/42.4)
6 6.5 83.2 9%.4 435 ~ ~
' (&5/808/842/822)  (%6.7/R5/09/974)  (378/44.1/125/455)
7 86.7 84.8 95.9 454 ~ ~
) (859/828/855/848)  (979/B4/H4/%65)  (339/5%6.0/429/439
3 949 90.6 0 9.0 344 0
(89.2/906/90.6/9L9 0/0/-/0) (988/973/9.2/%.7  (297/47.1/21.9/409 (-/-/0/-)
1 949 89.8 0 9.7 384 0
i (896/91.2/90.6/879 0/0/-/0) (984/B8/92/05  (3.1/412/21.9/636) (-/-/0/-)
05 5 946 91.5 0 97.9 44.0 0
(Dayt1) i (909/91.2/906/93) 0/0/-/0) (973/92/92/%0  (41/382/21.9/682) (-/-/0/-)
6 951 89.5 0 9.8 34.4 0
' (%0.9/839/899/882) 0/0/-/0) (P6/%58/96/R3  (318/44.1/125/455) (-/-/0/-)
7 916 90.7 0 99.0 28.0 0
i (91.2/906/89.2/91.9 0/0/-/0) (984 988/%96/%89 (486/3.3/6.3/136) -/-/0/-)
3 816 80.6 9.3 50.5 83 _
‘ (805/71.1/835/8L5)  (%2/%2/B4/K4)  (42.2/481/526/58.6) 0/200/0/0)
4 818 79.5 9.4 439 0 _
’ (80.1/7.1/825/80.)  (%8/%.7/9.6/B8  (42.2/4.5/%.4/55.6) 0/0/0/0)
PMzs 5 818 79.3 92.8 51.9 0 ~
(Day?2) : (80.1/754/808/808)  (U3/03/B1/B3  (458/52.8/48.7/58.6) 0/0/0/0)
6 823 79.9 95.6 47.8 0 _
' (815/764/815/80.1)  (%3/B5/9712/%9  (482/50.0/39.7/515) 0/0/0/0)
7 821 80.1 9.3 436 83 ~
' (805/788/825/785)  (BI/B5/912/%64)  (482/55.7/436/455) 0/200/0/0)
3 6.1 85.6 93.2 58.5 ~ ~
' (875/835/845/869  (R.9/H4/N9/K8  (643/549/57.1/59.])
4 86.2 84.3 94.9 46.5 ~ ~
' (84.2/832/855/845)  (B8/R6/917/%5)  (214/585/589/42.4)
PMjo 5 865 83.9 90.6 60.0 ~ ~
(Day?2) ' (85/82.2/852/89  (884/R.1/86/%6)  (5.1/5%.1/66.1/62.1)
6 8.1 85.1 94.9 50.0 ~ B
' (87.2/828/869/835  (H4/A9I/R9/%65H  (518/512/60.7/319
7 86.0 83.8 93.6 438 _ _
) (855/714/848/815)  (%.7/83/R5/%7)  (315/463/518/59.1)
3 948 89.2 0 97.3 26.8 0
i (88.6/83.6/90.2/896) 0/0/-/0) (973/96/989/8B4  (3.1/11.8/194/476) (-/-/0/-)
4 951 90.5 0 9.2 30.9 0
: (896/89.9/902/%.3) 0/0/-/0) (973/88/9.2/914  (432/294/161/33) (-/-/0/-)
0 5 952 90.2 0 97.8 31.7 0
(Day?2) ‘ (88.2/90.2/906/9L9 0/0/-/0) (%.1/92/92/%7  (405/294/194/3.1) (-/-/0/-)
6 949 89.8 0 97.4 30.9 0
i (86.9/89.6/909/9L9 0/0/-/0) (U6/92/98.1/918  (405/235/32.3/238) (-/-/0/-)
7 9.9 90.3 0 97.1 39.0 0
' (89.2/83.9/89.9/%.3) 0/0/-/0) (%.7/%.9/9710/85  (514/353/32.3/3.3) (-/-/0/-)

value : Highest value
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Table 8. Prediction Accuracy of DNN Model Using UM-Based Data by Number of Hidden Layers

Number of Validation DNN-UM, Prediction accuracy(%)
Air pollutant hidden layer accuracy (East / West / South / Central)
(%) Total Good Moderate Unhealthy Very unhealthy
3 854 80.1 93.1 54.3 83 B
' (802/795/822/785)  (B4/946/949/892)  (488/574/481/604) (0/0/500/0)
A 857 81.0 94.6 538 16.7 B
: (812/785/826/819)  (953/94.1/940/948)  (47.6/55.6/506/594) (0/0/100/0)
PMps 5 860 798 926 54.6 0 B
(Day1) ' (826/752/822/792)  (939/91.4/931/918  (56.0/509/544/514) (0/0/0/0)
6 859 818 934 58.9 83 ~
‘ (832/795/822/82)  (929/935/945/928  (60.7/583/506/644) (0/200/0/0)
7 855 823 93.1 61.6 0 ~
) (829/815/836/812)  (939/935/945/902)  (57.1/648/55.7/66.3) (0/0/0/0)
3 872 849 94.8 2496 B ~
’ (862/809/869/856)  (992/916/9%63/9N8  (04/536/464/636)
4 874 832 918 52.7 B ~
’ (859/792/842/836)  (979/883/834/932)  (339/56.0/66.1/530)
PMyg 5 874 845 94.1 504 B B
(Day1) ' (869/789/852/869)  (992/893/N1/BIY  (3B9/524/5%64/576)
6 869 853 94.6 523 B ~
’ (859/805/812/816)  (B8/N.1/N6/BT)  (04/536/643/59.1)
7 72 837 926 52.3 B ~
’ (87.2/802/812/802)  (96/89.7/946/858  (339/560/564/606)
3 043 89.3 0 98.6 183 0
’ (87.2/889/883/930) (0/0/-/0) (100/965/98.1/99.6) (54/400/94/182) (-/-/0/-)
4 043 90.1 125 98.9 22 0
’ (86.9/909/89.3/933) (0/0/-/500) (992/99.2/98.1/989) (81/37.1/188/273) (-/-/0/-)
0; 5 940 89.3 0 98.4 198 0
(Day1) ' (87.6/836/81.6/936) (0/0/0/0) (92/92/98/93  (135/17.1/219/318 (-/-10/-)
6 949 89.3 0 98.0 230 0
) (89.9/869/883/923) (0/0/0/0) (97.7/98.1/989/974) #32/1.4/31/364) (-/-10/-)
7 943 89.3 0 985 183 0
) (859 89.3/839/930) (0/0/0/0) (965/988/989/99.6) (189/257/94/182) (-/-10/-)
3 803 780 93.1 467 16.7 B
: (782/712/809/758)  (925/919/922/%9)  (434/554/518/379) (0/400/0/0)
A 807 712 913 484 83 ~
' (795/728/789/715  (91.1/812/9%8/949)  (518/61.7/308/450) (0/0/0/333
PMys 5 803 789 922 519 0 )
(Day2) ' (805/795/715/719)  (06/903/R2/%9)  (566/645/385/450) (0/0/0/0)
6 805 782 924 495 0 B
: (715/715/802/7715)  (859/94.1/931/99)  (578/523/462/ £20) (0/0/0/0)
7 805 713 913 484 250
' (745/712/815/762)  (850/946/936/9R23  (494/886/500/460) (0/400/0/333
3 862 832 926 498 B B
’ (826/812/856/836)  (89.3/912/934/9.6)  (836/554/518/319)
A 864 84.1 929 529 B ~
’ (85.6/822/862/826)  (930/91.6/N.7/B3  (536/5/8/625/379)
PMig 5 864 829 924 490 B B
(Day2) ’ (822/799/82/832 (913/940/BA/NG)  (L29/8B4/54/%.1)
6 87 839 930 51.3 B ~
' (86.6/805/856/829)  (942/907/921/948  (536/542/57.1/409)
7 87 833 925 50.6 B _
) (85.2/795/869/815)  (91.3/916/938/931)  (589/482/57.1/409)
3 938 89.2 0 98.1 206 0
’ (87.2/836/883/926) (0/0/-/0) (96.1/988/989/985) (24/200/31/213 (-/-10/-)
4 933 89.4 0 99.1 15.1 0
’ (886/833/89.9/919) (0/0/-/0) (97.3/988/ 100/ 100) (3.1/17.1/0/0) (-/-10/-)
0; 5 935 89.2 0 978 230 0
(Day2) ' (87.9/87.2/899/91.6) (0/0/-/0 (97.7/988/91.7/97.1) (270/86/281/318 (-/-10/9)
6 934 89.0 0 983 175 0
’ (87.2/833/819/926) (0/0/-/0) (92/969/914/996)  (108/31.4/125/13¢) (-/-10/9)
7 935 89.3 0 984 19.0 0
) (87.9/833/889/919) (0/0/-/0) (97.7/97.3/989/%.6) (270/286/94/45) (-/-/0/-)

value : Highest value
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Table 9. Prediction accuracy of DNN model with different tuning options based on GFS data

DNN-GFS, Prediction accuracy(%)

o]ﬁ‘ltrant Option (East / West / South / Central)
P Total Good Moderate Unhealthy  Very unhealthy
Option 1: Daily mean 80.6 96.5 48.4 8.3 ~
+ maximum inputs (81.1/79.8/825/788) (97.6/940/%.8/974) (41.7/59.3/44.3/45.5) (0/0/50.0/0)
PM; 5 Option 2: Option 1 80.3 9338 53.5 8.3 )
(Day 1) + Grade-balanced weights (825/7.8/82.2/768) (972/90.8/%.4/91.2) (47.6/6A8/46.8/51.5) (0/0/50.0/0)
Option 3: Option 2 80.8 95.3 51.9 8.3 ~
+ Minimum weight of 1 (815/78.1/855/78.1) (%.7/97.8/9B5/933) (452/48.1/658/50.5) (0/0/50.0/0)
Option 1: Daily mean 83.9 93.8 48.9 ~ ~
+ maximum inputs (84.8/81.1/875/82.2) (97.1/92.0/925/935) (32.1/536/66.1/42.4)
PMyo Option 2: Option 1 83.2 91.9 52.7 ) )
(Dayl) + Grade-balanced weights (842/81.5/84.8/82.5) (%5.9/92.0/8.4/91.3) (33.9/54.8/69.6/51.5)
Option 3: Option 2 82.5 90.6 53.8 _ _
+ Minimum weight of 1 (835/81.8/835/81.1) (95.9/83/87.6/90.5) (30.4/655/66.1/435)
Option 1: Daily mean 90.7 0 99.1 21.2 0
+ maximum inputs (90.6/90.9/90.6 /9.9 0/0/-/0 (98.1/96/96/%89 (45.9/324/188/0) (-/-/0/-)
Option 2: Option 1 89.9 12.5 95.1 46.4 0
O3 + Grade-balanced weights (90.2/87.2/886/91.2) (0/0/-/50.0) (96.9/46/KA.7/%.1) (51.4/382/406/59.1) (-/-/0/-)
(Day1) Option 3: Option 2 90.0 0 96.1 44.8 0
+ Minimum weight of 1 (89.9/83.9/9%.2/9.9 0/0/-/0 (984/%58/%6.2/%.1) (37.8/44.1/438/59.1) (-/-/0/-)
Option 4: Good class weight 90.4 0 96.0 49.6 0
adjusted to 1 (90.2/90.2/89.6/91.6) 0/0/-/0 (95.7/9177/B8/K9) (59.5/41.2/406/59.1) (-/-/0/-)
Option 1: Daily mean 78.6 93.8 47.3 8.3 ~
+ maximum inputs (788/7.1/80.8/75.8) (95.3/91.9/9%6.3/91.3) (38.6/60.4/39.7/46.5) 0/0/0/333)
PM; 5 Option 2: Option 1 76.4 84.9 59.8 8.3 )
(DayZ) + Grade-balanced weights (788/73.7/80.5/72.7) (81.1/832/86.2/846) (747/51.9/66.7/50.5) (0/0/0/333)
Option 3: Option 2 79.1 91.2 54.1 25.0 ~
+ Minimum weight of 1 (79.8/75.1/82.8/788) (92.0/87.1/%9/90.3) (50.6/5%6.6/50.0/576) (0/20.0/50.0/33.3)
Option 1: Daily mean 84.8 94.6 50.0 _ _
+ maximum inputs (852/835/855/85.2) (%.7/940/92.9/948) (35.7/5%.1/53.6/51.5)
PMio Option 2: Option 1 83.9 93.8 48.8 ) )
(DayZ) + Grade-balanced weights (87.2/M.5/8.5/8.5) (2.1/9B.0/%2/%5.7) (66.1/439/536/36.4)
Option 3: Option 2 83.2 91.1 55.4 _ _
+ Minimum weight of 1 (85.2/76.4/815/838) (9.9/80.0/91.3/%.1) (39.3/67.1/71.4/40.9
Option 1: Daily mean 90.2 0 98.5 26.0 0
+ maximum inputs (86.9/90.6/9.2/9.3) 0/0/-/0) (96.1/9.2/9.2/9.3) (29.7/32.4/16.1/23.8) (-/-/0/-)
Option 2: Option 1 89.6 0 97.6 27.6 0
O3 + Grade-balanced weights (89.6/89.2/836/91.2) 0/0/-/0) (97.7/100/9%.6/9%6.4) (40.5/14.7/22.6/33.3) (-/-/0/-)
(Day?) Option 3: Option 2 89.5 0 97.1 30.9 0
+ Minimum weight of 1 (87.9/88.2/90.9/9%.9 0/0/-/0) (95.3/98.1/96/%5.3) (432/206/19.4/42.9) (-/-/0/-)
Option 4: Good class weight 90.4 0 97.4 36.6 0
adjusted to 1 (89.9/89.9/9.2/91.6) 0/0/-/0) (98.1/9%6.5/9.2/%.0) (405/47.1/16.1/42.9) (-/-/0/-)

value : Highst value
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Table 10. Prediction accuracy of DNN model with different tuning options based on UM data
Air Validation DNN-UM, Prediction accuracy(%)
pollutant Option  accuracy (East / West / South / Central)
(%) Total Good Moderate Unhealthy  Very unhealthy
Option 1: Daily mean 81.5 92.3 60.5 0 ~
+ maximum inputs (81.5/79.9/809/836) (%6.2/92.4/816/93.3) (46.4/62.0/64.6/67.3) 0/0/0/0)
PM; 5 Option 2: Option 1 79.2 93.7 489 41.7
(Dayl) + Grade-balanced weights  (832/77.5/789/712) (%.3/91.4/91.2/%.9 (536/54.6/456/416) (50.0/60.0/50.0/0)
Option 3: Option 2 80.5 89.9 61.8 25.0
+ Minimum weight of 1 (832/80.2/80.2/7.2) (91.5/9R.4/8.6/89.2) (64.3/60.2/64.6/59.4) (0/60.0/0/0)
Option 1: Daily mean 85.2 98.1 57.3
+ maximum inputs (862/82.2/81.2/852) (97.9/85.5/9%5.0/93.1) (35.7/73.8/536/57.6) B B
PMio Option 2: Option 1 84.3 92.0 56.9 . .
(Dayl) + Grade-balanced weights  (84.6/81.5/85.2/859) (93.0/90.7/91.3/9%.1) (48.2/58.3/58.9/60.6)
Option 3: Option 2 854 90.9 66.0 _ _
+ Minimum weight of 1 (86.2/839/859/85.6) (%.5/8.4/89.7/91.4) (46.4/77.4/69.6/65.2)
Option 1: Daily mean 90.3 12.5 98.4 27.8 0
+ maximum inputs (87.9/89.6/90.3/93.3) (0/333/-/0) (98.1/97.3/985/9.6) (243/37.1/250/22.7) (-/-/0/-)
Option 2: Option 1 88.3 25.0 94.4 41.3 0
O3 + Grade-balanced weights  (859/88.3/87.9/90.9) (66.7/0/-/0) (9.2/935/9%4.0/9%.0) (29.7/57.1/40.6/36.4) (-/-/0/-)
(Day1) Option 3: Option 2 89.7 0 98.2 24.6 0
+ Minimum weight of 1 (87.6/836/89.6/93.0 0/0/-/0) (98.8/91.7/%.2/100) (16.2/286/375/13.6) (-/-/0/-)
Option 4: Good class weight 89.4 12.5 9.8 41.3 0
adjusted to 1 (88.3/87.6/883/93.6) 0/333/-/0) (96.1/92.7/9%.8/98.5) (40.5/54.3/28.1/40.9) (-/-/0/-)
Option 1: Daily mean 80.5 93.7 54.1 0 ~
+ maximum inputs (809/79.9/80.5/80.9) (%.8/91.9/9%.7/%4.4) (446/62.6/48.7/57.0) 0/0/0/0)
PMy 5 Option 2: Option 1 78.2 93.2 467 25.0 )
(Dayz) + Grade-balanced weights  (78.2/775/7.2/719) (2.5/89.2/9%.9/%9) (434/58.9/346/46.0) (0/400/0/333)
Option 3: Option 2 78.4 93.7 46.2 25.0
+ Minimum weight of 1 (789/779/802/76.5) (91.5/92.5/9%59/K9 (482/533/385/43.0) (0/60.0/0/0)
Option 1: Daily mean 84.2 92.1 56.3 _ ~
+ maximum inputs (849/809/846/86.6) (R.1/92.1/893/K8) (536/51.8/64.3/57.6)
PMio Option 2: Option 1 82.6 9.0 56.3 ) )
(DayZ) + Grade-balanced weights  (84.9/80.9/846/80.2) (2.6/92.1/893/8.2) (51.8/51.8/64.3/59.1)
Option 3: Option 2 83.1 90.9 55.2 ~ ~
+ Minimum weight of 1 (832/81.5/849/826) (0.5/90.7/90.1/9%.2) (51.8/57.8/62.5/485)
Option 1: Daily mean 89.4 0 98.9 16.7 0
+ maximum inputs (87.6/83.6/88.9/91.6) 0/0/-/0) (98.1/981/100/93 (21.6/343/0/45) (-/-/0/-)
Option 2: Option 1 88.1 12.5 96.3 24.5 0
O3 + Grade-balanced weights  (87.9/85.6/87.9/9.9) (333/0/-/0) (97.7/%.6/%.2/%.7) (243/25.7/21.9/27.3) (-/-/0/-)
(Day?) Option 3: Option 2 88.5 0 97.5 19.0 0
+ Minimum weight of 1 (87.2/87.2/83.6/89.9) 0/0/-/0) (96.9/100/98.1/%.3) (270/0/21.9/31.9 (-/-/0/-)
Option 4: Good class weight 89.8 0 97.5 31.0 0
adjusted to 1 (89.6/86.6/89.6/93.3) 0/0/-/0) (97.7/9.8/989/97.8) (40.5/25.7/15.6/45.5) (-/-/0/-)
value : Highst value
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Table 11. Prediction accuracy(Limits) of DNN-GFS using training data without split and validation on
test dataset

Air DNN-GFS, Prediction accuracy(%)
llutant Option (East / West / South / Central)
poran Total Good Moderate Unhealthy _ Very unhealthy
PM; 5 82.9 91.7 66.1 16.7 )
(Day]) DNN (835/805/855/822) (05/89.7/0.6/9538) (679/676/684/61.4) 0/200/0/333)
-MAX
PMjp Optimum option with no split on 81.0 92.7 66.8 ~ ~
(Day]) training set: validation on test ~ (89.6/838/832/8.2) (91.7/89.2/%0/%4) (804/70.2/589/5716)
0s dataset %23 0 97.2 56.8 0
(Day]) (92.6/90.9/91.6/99 0/0/-/0) (9.3/97.7/989/97.1) (8L1/47.1/344/636) (-/-/0/-)
PMzs 83.0 9.2 65.0 8.3 )
(DayZ) DNN (835/825/848/81.1) (R5/882/985/%4) (679/659/69.6/60.6) (0/0/0/333
-MAX
PMio Optimum option with no split on 86.6 92.5 65.8 ~ ~
(DayZ) training set: validation on test  (886/828/836/865) (3.4/893/929/%39) (67.9/659/69.6/60.6)
o} dataset 917 0 973 50.4 0
(DayZ) (896/91.2/91.6/94.3) 0/0/-/0) (9%6.1/973/%6/989 (51.4/529/51.6/42.9) (-/-/0/-)

Table 12: Prediction accuracy(Limits) of DNN-UM using training data without split and validation on
test dataset

Air DNN-UM, Prediction accuracy(%)
llutant Option (East / West / South / Central)

L Total Good Moderate Unhealthy _ Very unhealthy
PM; 5 82.6 92.0 64.0 25.0 .
(Dayl) DNN (832/805/846/81.9) (934/83.2/90.3/948) (583/69.4/709/57.4) (500/0/0/66.7)

MAX
PMio  Optimum option with no split on 88.3 94.0 68.3 ~
(Dayl) training set; validation on test (88.9/90.9/91.9/93.6) (%.0/930/934/%4) (62.5/679/76.8/66.7)
o} dataset 916 0 97.4 492 0

(Dayl) (89.9/90.9/91.9/93.6) 0/0/-/0 (98.4/973/9.8/98.2) (37.8/51.4/62.5/45.5) (-/-/0/-)
PM; 5 81.7 89.4 66.8 16.7 )
(DayZ) DNN (805/805/832/82.6) (87.8/837/9%.7/82) (639/682/59.0/74.0) (0/400/0/0)

-MAX
PMio  Optimum option with no split on 86.2 92.3 64.4 ~
( DayZ) training set; validation on test (86.9/83.2/87.9/86.6) (34.2/87.4/946/%.2) (55.4/72.3/589/66.7)
of dataset 911 0 97.9 405 0
(DayZ) (88.9/91.6/90.9/93.0) 0/0/-/0) (97.7/971.7/98.1/98.2) (35.1/54.3/344/36.4) (-/-/0/-)

value : Highst value
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Fig. 7. Comparison of optimized DNN model with DNN-wax (Theoretical performance limit), CMAQ
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