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Abstract The aim of this study was to assess whether a simple Deep Neural Network (DNN) model could address the
limitations of the current overestimated CMAQ model used for fine dust forecasting by NIER in Seoul, South Korea. Two DNN
models, DNN-1 and DNN-2, were developed using data from 2016 to 2020. DNN-1 used urban air monitoring network data and
CMAQ predictions, while DNN-2 incorporated additional PM, 5 component measurement data. The models forecasted PM, 5
concentrations for three days, and evaluation focused on the accuracy of daily average concentrations. DNN-1 and DNN-2
outperformed the CMAQ model in terms of accuracy, probability of detection (POD), and false alarm rate (FAR). DNN-2 showed
lower POD but significantly improved ACC and FAR, indicating a compensatory relationship between the two metrics. Using the
XAl technique called Layer-wise Relevance Propagation (LRP), the study analyzed the importance of input parameters in the
models. Meteorological factors, including temperature, humidity, radiation, wind speed, and wind direction, were found to be
highly important. PM,; component measurement data, such as NO;~ and OM (Organic Matter), showed relatively lower
importance compared to meteorological factors. It was determined that the limited impact of fine dust composition was due to
the XAl analysis conducted on yearly results rather than high-concentration cases in this study.
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Table 1. Convert existing hourly data (24 hours data) to 6-hour average data time.

T-Time
Doo D02
T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12
00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00 00:00 06:00 12:00 18:00
~06:00 ~12:00 ~1800 ~2400 ~06:00 ~12:00 ~1800 ~24:00 ~06:00 ~12:00 ~18:00 ~24:00

Table 2. Air quality factors, meteorological measurement data and CMAQ forecast data used as input factors.

Air quality

Air Korea observation

0_S02 (ppm), O_03 (ppm), O_NO2 (ppm), O_CO (ppm), O_PM10 (ug/m?3), O_PM2_5 (ug/m?)

[General Urban Air
Measurement Network] Meteorological

observation

0O_ta(K), O_td (K), O_Pa(hPa), O_RH (%), O_U (m/s), O_V (m/s), O_RN_ACC (mm),
O_radiation (0.01 MJ/h-m?)

CMAQ model CMAQ forecast TO1~T12f_PM2.5 (f_PM2_5_FTO1~f PM2_5_FT12)
I\:\:Egonal Institute of Added
. new input NO3-,S042-, NH4+, OM
Environmetal Research,
argument

Seoul, Republic of Korea)

[Variable description]

« O_SO2 (Sulfur dioxide) + 0_03(0zone)

« O_CO (Carbon monoxide) « O_NO2 (Nitrogen dioxide)

« O_V(Vertical velocity)

O_U (Horizontal velocity) « O_td (Dew point temperature)

« O_ta(Temperature) * O_Pa (Pressure)

« O_radiation (Solar radiation)

« O_RN_ACC (Accumulative precipitation)

« NO3-(Nitrate ion) + SO42- (Sulfate ion)

« NH4+ (Ammonium ion) « OM (Organic matter)

» O_PM10 and O_PM2_5 (Particulate matter with aerodynamic diameters less than 10 pm and 2.5 pm, respectively)

2.1.2 UAQIX}
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AZdlolee] gt A¥2 & 20 YEFW It
DNN-2 2do|AE= DNN-19] M2-& F71e1xtz
PM, ;9] 74 A&l NO;, SO,*, NH,, OM= 57}
sto & 30719] PHJAE ARSI
AH8E CMAQ dEHolE e wHeE ek
(National Institutof Environmetal Research, Seoul, Rep-
ublic of Korea, NIER)2] Ho]E]S Agatch 19 1

o CMAQ 2Eghat S| AAYE Blustle o
CMAQZ} M| HLOJSHAL Q= 25 I = Sl
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NH,", OMel| A&7} glE| o], A=A & thAsh]
flsll KNN 7|H-& &8st 2332 E%E ‘Ri
KNN ¢85 HAleyd dues 5
of| #3sh= dlolEof| tiste] k7o 747k O]T’é‘ 7§
St o Ao R HlolE 9 lolEE ge)
B2 HAo|t} (Im and Lee, 2022). KNN9] &
S4e ol el sk RACIA A2l
F 487} 7551 A olth(Lee, 2004).
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Fig. 1. Comparison of obs and CMAQ for PM, 5.
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Fig. 2. Geographic map of Seoul, South Korea, northeast Asia showing locations of air quality and weather monitoring sta-

tions in Seoul.
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Table 3. Data prior to filling missing values through KNN.
2016~2021
50, (ng/m?’) NO;™ (ug/m’) NH, " (ug/m?) M (ug/m?)
count 44883 44888 44442 43783
null_count 7717 (14.67%) 7712 (14.66%) 8158(15.51%) 8817 (16.76%)
mean 3.65 5.04 2.94 3.39
std 3.44 6.63 3.09 2.21
min 0 0 0 0
25% 1.37 0.78 0.79 1.84
50% 247 2.38 1.92 2.96
75% 4.89 6.7 4 449
max 373 70.43 30.68 21.12
Table 4. Describe filled missing values through KNN.
2016~2021
SO,% (ug/m?) NO5™ (ug/m?) NH,* (ug/m?) OM (ug/m?)
count 52583 52583 52583 52583
null_count 0 0 0 0
mean 3.75 4.98 297 3.31
std 3.37 6.4 3 2.11
min 0 0 0 0
25% 1.46 0.84 0.87 1.84
50% 2.66 2.51 2.04 292
75% 5.07 6.61 4.06 435
max 37.3 70.43 30.68 21.12

N

Hlal o8 Hwgt 71AS50] 755 (Cho et al.,  E 4= DNN-17} DNN-2& 595t AAstoict. of
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Hotaen 30719 A=QIAE Hol 287 DNN &
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1+ ¢itol| A AHE-E DNN-17+ DNN-2¢] B2k DNN
Layer®] /43t Hidden Layer 7R+ X 59] Input
VectorE A| 2|5t FA5HA /d5F3ATE Input Vector
oAl DNN-1°fli= 127]€] A7t} 2671 Q1AHS, DNN-
20]+= 30709 JAAFE AFE-oFITE Hidden Layer] =

1ot Fof 127119] AIZHe] PM, 5
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4] AAEE Fo5ll 2E Output-S =E0FT

DNN 2d9-& 55}7]0] $HA Hyper Parameter=
A5t A AAY 222 layer™ node®] 4, hidden
layer®] <7, St Sl Aol whet Zt7] REle] &9
o] @t of|E Rdle] BH= 2]9Rt hyperparameter
A7 2ol F835ltt(Cho et al., 2019). Hyper Para-
meter= G2'd BE 7HS 9o Ll ol A AREAE
7h A3 AR Adshs Jeld 29 wizisgol
t}. Hyper Parameter®] &-Foll=
Size, Epoch 5-°] SIth. Epocht= 1Y 49} Zo] =
glolg] AlS oF H S5k A 1-Ep0chE]'_1_l 25}
), 5lte] Epoche =S off, o ta] o] gHA|oF £

utput LayerZ

Learning Rate, Batch-
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Fig. 3. Structure of DNN.
Batch size Data set
1 Epoch
Fig. 4. Batch-size and epoch structure.
Table 5. Configuration and number of hidden layers for DNN-1 and DNN-2.
DNN-1 DNN-2

Input vector (None, 12, 26) Input vector (None, 12, 30)
Flatten (None, 312) Flatten (None, 360)
Hidden layer 1 (None, 512) Hidden layer 1 (None, 512)
Hidden layer 2 (None, 256) Hidden layer 2 (None, 256)
Hidden layer 3 (None, 128) Hidden layer 3 (None, 128)
Hidden layer 4 (None, 64) Hidden layer 4 (None, 64)
Output layer (None, 12) Output layer (None, 12)
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¢} Validation_MAEZ} 5 ¥sHA W27t 2o E
7|F 082 2 2% wWtsllth. DNN-17} DNN-29]
¢ BE 107 o 19 5, 67 T2 FHIE T
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Table 6. Hyper parameters applied to DNN-1 and DNN-2 used in this study.

DNN-1 DNN-2
Input vector (None, 12, 26) Input vector (None, 12, 30)
Optimizer function Adam Optimizer function Adam
Loss function MAE Loss function MAE
Epochs 2925 Epochs 2614
Batch_Size 5 Batch_Size 5
Learning_Rate 10-7 Learning_Rate 10-7
Train and Validation Loss Train and Validation MAE
—— train_loss —— train_MAE
0.14 —— val_loss 0.14 1 —— val_MAE
0.12 0.12
0.10 0.10 A
8 -
G s
0.08 - 0.08 -
0.06 0.06 -
0.04 0.04 A
1 3125 0 500 1000 1500 2000 2500 3000
Epochs Epochs
Fig. 5. Verification graph with loss and MAE in DNN-1.
Train and Validation Loss Train and Validation MAE
—— train_loss —— train_MAE
0.18 4 —— val_loss 0.18 4 — val_MAE
0.16 4 0.16 1
0.14 4 0.14 4
9 0121 W 0.12 4
3 g
0.10 A 0.10 A
0.08 A 0.08 A
0.06 0.06 A L
0.04 - 0.04 4
1 2814 0 500 1000 1500 2000 2500
Epochs Epochs
Fig. 6. Verification graph with loss and MAE in DNN-2.
2.3 DEl ™WIIX|® tion (POD), False Alarm Rate (FAR), Root Mean Square

2 AFo| A= Accuracy (ACC), Probability Of Detec-  Error (RMSE), Mean Bias (MBIAS)S 53l de] A
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Fig. 8. Time series graph and scatter plot of DNN-1 (measurement: green, CMAQ prediction: dotted, model DNN: red).

(PBM) 5-°] 2ITH(Wagner et al., 2019).
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Fig. 9. Time series graph and scatter plot of DNN-2 (measurement: green, CMAQ prediction: dotted, model DNN: red).

DNN-27}0.730.2 &= AT = I%E‘rlﬂ Ak
B grixsel of

Fstgom 19 107 E 79 YERATE MBIASE 1

ol o pg/m’ell 7hESE At =2 AS e

W, DNN-2+&= A9 00 4K =2 Yetdoh

L rle

RMSEE Zte] 0 ug/m*el 7Mhe4E A7t &
ow, 37]9] =dl 2 DNN-20A 7173 W& Zh& vet
wict.

POD+= IEEE AXY FES 1|6kl FARE
VEE AA F AEETF ol oy, sk R A
3 $2)15 YehiH e AR digh 3]0l whehA
PODE O WHA FAo] FARO| & 2|5 7HA]+=
mdlo] £2 o4& vehdth CMAQY] 7% 371
o] Yl F 7P &2 9ke] PODE 7HA 1L %Z]UJ, o
A AEgt A" R ofsh= A7kl 8171 PO
7} =0, FAR T3 60% S 23517 ol E2 o 1

-11&

m°"

SRV |t ASHS|X| M 39 H M4 S



P, 744 A QIRXIZE OIGB! DNNO| XAl 24zt PV, 0% mate it [A2IN

RMSE Comparative analysis by Day MBIAS Comparative analysis by Day

RMSE(ug/m3)
MBIAS(ug/m3)

DO1

Day Day
== DNN-1 @ DNN-2 55 CMAQ === DNN-1 === DNN-2 =% CMAQ
POD Comparative analysis by Day FAR Comparative analysis by Day

POD(%)
FAR(%)

DO1
Day Day

@=m DNN-1  mmm DNN-2 @0 CMAQ = DNN-1  mm DNN-2 @ CMAQ

ACC Comparative analysis by Day

ACC(%)

ms DNN-1 W DNN-2 @ CMAQ

Fig. 10. Comparative analysis by D00, D01, D02.

Table 7. Value of comparative analysis by D00, D01, D02.

T h MODEL ACC (%) POD (%) FAR (%) RMSE (ug/m?3) MBIAS (ug/m?) r
DNN-1 73.41 76.35 36.87 8.74 226 0.82
D00 DNN-2 77.60 68.24 27.34 8.38 0.46 0.83
CMAQ 60.50 76.35 67.15 14.62 5.02 0.67
DNN-1 67.48 71.05 42,55 10.39 276 0.74
DO1 DNN-2 71.74 60.53 3475 10.24 0.41 0.73
CMAQ 62.60 76.32 63.06 14.69 4.60 0.66
DNN-1 63.22 70.59 4433 10.93 3.10 0.70
D02 DNN-2 68.46 60.13 36.55 10.74 0.51 0.69
CMAQ 62.46 71.90 63.21 14.18 4.09 0.66

Ttk 5 ek A FE2 7 ofd #EC] 60% oV He et
I

=T AR 2 A 1EET} DNN-29]4 PODE 60.52%°]1, FAR-Z 34.75%
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Table 8. Importance ranking via LRP of DNN-1.
Year
ALL_time
NAME D00 pog NAME DOl by NAME )
rank rank rank

0_CO 10 -7.11 0_CO 7 14.80 0_Co 2 -26.55
O_NO2 19 2.63 O_NO2 14 -4.53 O_NO2 10 12.53
0_03 4 19.08 0_03 5 19.33 0_03 15 6.44
O_PM10 26 -0.39 O_PM10 23 0.88 O_PM10 24 1.94
O_PM2_5 7 11.40 O_PM2_5 12 -6.01 O_PM2_5 3 25.50
O_Pa 12 5.95 O_Pa 10 9.06 O_Pa 4 19.52
O_RH 6 16.03 O_RH 4 -28.43 O_RH 11 -9.86
O_RN_ACC 18 2.75 O_RN_ACC 25 -0.63 O_RN_ACC 25 0.93
0_S02 13 -5.46 0_S02 18 -2.88 0_S02 14 6.69
o_u 2 20.90 o_u 1 71.33 o_u 23 1.95
o_Vv 3 20.36 o_Vv 26 0.12 o_V 20 3.85
O_radiation 8 9.80 O_radiation 9 10.35 O_radiation 16 5.94
O_ta 1 23.57 O_ta 2 -39.86 O_ta 1 -39.79
O_td 1 -6.78 O_td 3 36.84 O_td 26 -0.36
f_PM2_5_FTO1 14 -5.01 f_PM2_5_FTO1 19 2.59 f_PM2_5_FTO1 22 -2.96
f_PM2_5_FT02 23 1.69 f_PM2_5_FT02 13 5.34 f_PM2_5_FT02 21 -3.26
f_PM2_5_FT03 15 -4.26 f_PM2_5_FT03 6 17.24 f_PM2_5_FT03 18 -4.67
f_PM2_5_FT04 20 -2.05 f_PM2_5_FT04 8 -11.80 f_PM2_5_FT04 13 7.56
f_PM2_5_FTO5 17 2.95 f_PM2_5_FTO5 24 -0.87 f_PM2_5_FT05 8 13.20
f_PM2_5_FT06 9 8.17 f_PM2_5_FT06 15 -4.36 f_PM2_5_FT06 7 14.01
f_PM2_5_FT07 25 0.68 f_PM2_5_FT07 11 7.30 f_PM2_5_FT07 5 19.15
f_PM2_5_FT08 21 1.92 f_PM2_5_FT08 17 3.57 f_PM2_5_FT08 17 5.86
f_PM2_5_FT09 24 1.31 f_PM2_5_FT09 16 4.30 f_PM2_5_FT09 19 4.46
f_PM2_5_FT10 22 1.91 f_PM2_5_FT10 22 1.10 f_PM2_5_FT10 12 9.19
f_PM2_5_FT11 5 -17.02 f_ PM2_5_FT11 21 -2.21 f_ PM2_5_FT11 9 12.63
f_PM2_5_FT12 16 -3.02 f_PM2_5_FT12 20 -2.58 f_PM2_5_FT12 6 16.12

o]t} DNN-19] 7% POD+ 71.05%°|H, FARS o] o] Hr o] oJgfo] 9li=x] Eelstr] $Jafl XAI 7]
42.55%°|t}. POD £WHoll4 DNN-17} DNN-22 H] ¥ % LRPE ARSSILE Z} Q1217} PM, s 555 o
W3S o DNN-1°] =4 YRt oh FARS] 9ol Sl ¢lo] Y-S PIX|= Relevance ScoreE L&
DNN-27} B W& 25 Yelth o= DNN-2  § AHF
of A MEL A2 sk AN B8 W2 7
2 FA Bola oy, ko] gt AR ES Y ScoreS El:r =]y —‘ﬂ z} ‘?_]1}9] Relevance ScoreE 4
FE b o] "o IotEh nfxgte 2 ACCE § o TRE (%) 2 EAISHATH

st DNN-2 HEgto] 70% o]/3e] A& Let e 7} QAL Fa k= 7 Fa ko] FE AUgk
AT 5 =& Atk ol= 7 8E F

rr
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Wt 94 © 2 DNN-2 20| CMAQY} DNN-11 oz
ot g A E o & ALEE HolErh S ZF IR} 5 ko] 23 ko] BAE YE 7]
o]k
3.2 XAl &M A, 71E 26719 JAA}E AFE-5H] PM, & SI&5S
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Table 9. Importance ranking via LRP of DNN-2.

Year
ALL_time
NAME D00 pgg NAME D01 pyy NAME D02 pgy
rank rank rank
NH4 + 21 9.18 NH4 + 18 -1.28 NH4 + 29 0.15
NO3- 14 -17.80 NO3- 29 0.36 NO3- 20 =232
oM 15 16.68 oM 10 -3.34 oM 17 3.81
0_COo 7 32.96 0_Co 27 0.78 0_Co 16 -4.39
O_NO2 5 -34.19 0O_NO2 25 -0.91 O_NO2 11 7.14
0_03 30 0.64 0_03 11 -2.82 0_03 22 -1.96
O_PM10 20 10.81 O_PM10 21 -1.23 O_PM10 27 -1.10
O_PM2_5 4 -38.72 O_PM2_5 23 1.13 O_PM2_5 3 13.95
O_Pa 13 2043 O_Pa 8 3.92 O_Pa 1 18.89
O_RH 8 32.51 O_RH 5 14.18 O_RH 30 0.10
O_RN_ACC 28 -1.10 O_RN_ACC 17 -1.47 O_RN_ACC 24 1.40
0_S02 24 4.89 0_S02 30 -0.09 0_S02 26 1.14
o_uU 26 2.18 o_u 4 19.53 o_u 13 =571
oV 2 -64.28 o_V 2 -31.04 o.v 6 9.69
O_radiation 6 -34.07 O_radiation 6 -13.75 O_radiation 5 11.49
O_ta 1 76.57 O_ta 3 25.80 O_ta 4 -12.56
O_td 9 25.53 O_td 1 81.02 O_td 18 3.61
S042- 29 -0.66 S042- 16 -1.75 S042- 19 2.50
f_PM2_5_FTO1 18 12.41 f_PM2_5_FTO1 24 -0.98 f_PM2_5_FTO1 21 =232
f_PM2_5_FT02 3 44,95 f_PM2_5_FT02 15 -1.78 f_PM2_5_FT02 12 -7.06
f_PM2_5_FT03 25 4.58 f_PM2_5_FT03 19 -1.25 f_PM2_5_FT03 28 -0.81
f_PM2_5_FT04 22 -7.80 f_PM2_5_FT04 9 3.63 f_PM2_5_FT04 23 1.82
f_PM2_5_FT05 11 -23.93 f_PM2_5_FT05 26 -0.88 f_PM2_5_FT05 8 8.89
f_PM2_5_FT06 23 -7.35 f_PM2_5_FT06 28 -0.78 f_PM2_5_FT06 10 7.80
f_PM2_5_FT07 19 -11.53 f_PM2_5_FT07 7 4.13 f_PM2_5_FT07 15 4.96
f_PM2_5_FT08 16 14.22 f_PM2_5_FT08 13 2.12 f_PM2_5_FT08 9 8.44
f_PM2_5_FT09 27 -1.24 f_PM2_5_FT09 12 2.37 f_PM2_5_FT09 25 1.24
f_PM2_5_FT10 12 22.54 f_PM2_5_FT10 22 1.15 f_PM2_5_FT10 14 5.61
f_ PM2_5_FT11 10 25.39 f_PM2_5_FT11 14 2.01 f_PM2_5_FT11 7 8.99
f_PM2_5_FT12 17 -13.75 f_PM2_5_FT12 20 1.25 f_PM2_5_FT12 2 16.64

012}9] Relevance Scores QT2 HEStY] A U, 0_vel tist 93k 2 O_radiation™ O_taS E74 4

eE
S & D00, D01, D025 FAS W F 8xf Zom o] oz FArh E3t 7 CMAQY A5 Tk H t7] F
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ZQ57F 2o A9 grflolth ol f PM2_5_FT &3}t D029] 7% 1A 9] 7]ARIA H k= 317
01~12= CMAQQ] Zt AIZttje] A&gks onlgttt. L FEH O] & CMAQ 54k 53l PM, 55 9
D002] 749 0_0;, O_RH,0_U,0_V,O_ta, f PM2_5_  =3}t}

FT11°]t}. D019] 7% O_05;, O_RH, O_U, O_ta, O_td, DNN-2 28 F3 9jet e ghHog 11| HAE
f PM2_5_FT13°]t}. D02°] 4% 0_CO, O_PM2 5,  B7I5om, o]& 3 99 anlé}iiuh E 9o 5
O_ta, f PM2_5_FT07,f PM2_5_FT120]|t}. SHA AHY] 670l QIAFE et o 2 BA|SEoH Al

o€ &3l D00, D019} 73-¢- A7 o] Z1FRIAI o FA 74 A1 NOy, 8O,7, NH, ', OM< %
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