'i) Check for updates

Journal of Environmental Science International pISSN: 1225-4517 eISSN: 2287-3503
35(4); 307~323; April 2026 https://doi.org/10.5322/JESI1.2026.35.4.307

ORIGINAL ARTICLE

HH-39 §8 3 7§t Hel g JEd-S 45 2u|AHz]
& 9=

YT - AU WMEF - 829 - WY
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Abstract

Ambient fine particulate matter (PM2.5) has emerged as a global public health concern. The accurate forecasting of its
concentration is essential for air quality management. Conventional air quality prediction models primarily rely on tabular data
of meteorological variables and air pollutants from ground-based monitoring stations. Although sky images directly reflect
the visual state of the atmosphere, research using these images alongside real-time meteorological tabular data remains
relatively scarce. This study proposes a PM2.5 concentration prediction framework based on multimodal deep learning that
effectively combines spatial visual information with meteorological factors. A pre-trained EfficientNet served as the vision
encoder, while TabNet, based on sequential attention, served as the tabular encoder. In addition, to overcome the inherent
limitations of simple point estimation, quantile regression was introduced to estimate the 90th percentile of prediction
intervals, thereby providing robust uncertainty quantification for high-concentration events. Evaluated across diverse
observation sites with varying geographic characteristics, the EfficientNet-TabNet fusion model consistently outperformed
the single-modality baselines, achieving high predictive accuracy. Furthermore, Explainable Al (XAI) analysis was conducted
to validate the model's physical interpretability. The results demonstrated that the vision encoder successfully captured
optical degradation patterns caused by Mie scattering in distant skylines. In contrast, the tabular encoder accurately captured
atmospheric dynamics, including regional ventilation driven by wind speed and aerosol hygroscopic growth driven by relative
humidity. These findings quantitatively demonstrate the synergistic effects of multimodal fusion, offering a highly reliable,
interpretable, and scalable approach for air quality forecasting.
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Z0|MA 2] (particulate matter 2.5, PM2.5)= %
74 2.5 pm oJ5te] mlAIRt JAPE B =, F56] WA
Sk ARRlol A 9] At E Z1AIA QITE E5o = <lE)
thFo 7 ghAlsky Qlch PM2.5+ AH 9 AN 99
= S7HAZ12 Z1eF ookt A 182 2t S

a2 QIthRussell et al., 2009; Park et al.,
2025). 3L PM2.5 43t= AlZ U= 23] X %ot
AR &4& 8 5 UtHChoi et al., 2026). ©
2kA], PM2.5E PM103} 22 o & 4R} Ao
gt flsfido]l =ong FEgt Fk RUE P ot
A714Q1 i miglo] Sasiel. Tt PM2.5
£ A d&stezy 7| ede FASY, 35
HAS o5, TAIAE SAbdAS A dstal, 1
1715 gkl gt S-S -2 & Ath(Zhou et al.,
2024).

NAA AelAs PM2.590 B E ti71d A48
AFESHAL Qs PM2.5 IS AP o] o EStr] 9%t
1E3hE AJAR o] wilstal QtHZhang et al.,
2018; Do et al., 2023). 4540 PM2.5 &2 F=&
32k 3k SE5mdlel  CMAQ  (Community
Multi-scale Air Quality)°ll 7192 i1 Qlrt, o]2]
g =243 mde 7] F 2 HEHY o7, &
Ah, A 9 221 A4 IS welE A o 2 ALkt
of A di71d 2ot 7hssitilee et al.,
2016; Kwak et al., 2025). &4}, &gt 3R
tj7] o5t 9 2}et ¥h-g-o] BEAd o= Qs Wit A
FE Q4 AL 71 58 71Te] 8 EY, AR
Q HiEY JMIERE FESH=t Al Hl-go] 7
Aoz 297w, 24 pPM2.5 HEtE St o=
Hrgst=t HAIZE Qlo] AA IERT E A5 &
gt &= 9lt(Huang et al., 2021).

T A5 ATH "Held 71E9] HoRA Rl I
= dHlol"E 7REe = gt glo] | 7|8 o
9h5] R QItH(Zheng et al., 2015). HE-E2]
g 7|8t 71 A5 A 712, T 5
T 5 71 BE5AaoA AlEshs B AAE TlolH
£ F=2 &8 (Athira et al., 2018). 13 A4 Al
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2}, PM2.5 #5471 o Ao EA5tA] gethd
A= A5 ] PM2.59] 55 AHZ o= oS5t
+ ol A7t B3] AT

7)7d 5 A9 ol e o2 A ZHHeE Bol &
H G2 PM2.50] gJafl 7113t ool 2E&0] Atet @At
O & Qlof| 7t A A, A= At EEE S5
719] ZdHiel tiet FHet A4 ARE mebetal gl
ot ojuz] W EA F& 41gEY multi-layer
perceptron (MLP)& Z3st B2 LA] oju|x]=2H
H PM2.5 FEE 5% B 3t (Chen et al., 2022).
F FHEt o|u| 2 25 E PM2.5 S EE 55 9
5] Residual Network (ResNet) 2do] &89 <
F7F AkLiu et al., 2024). °1d dFES T
9] olm]z]of] IgtE|o] K= om, ThE AFAo]
H 7Hs/gol thet gutste] et ArF EEsit
gk oln|72] AR gERo == 7] Sk E Higof 9
7] JEE 7o 2 HA| PM2.5 558 ged] &
5l7] ook A7 SRS

%] Al o]u]z] 714t Artificial Intelligence (Al) EoF
Ao e HE] EEEE](Multi-modality)oll et
A7F 2Es] A= et 714 A HlolE B
oA E T JHFCE ALEote B BEEH 2
3l A& 4 542 PM2.59] =
2 &85HA "ot v, dE gy
g 7|8t o 9 siA-2 PM2.59] H-gAdoll thel Erot
st A=e 4= Q= HRE AT Ao 5
gk PM2.5¢0 oA e A= thE R oA 34
gole= Z17] vhE 33 AT 5E8S 7H 4 QL
1, ol AR AT HbEl AL 4 It (Zhao et
al., 2024). 22t HE|RYE HlojE o] AT By &
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7] 59 Zu|AHZ(PM2.5) EA= EBlFES 4t
A7 1 S4=5h= 1] ARH(Mie scattering) 39S
wsto], Zheet G4 el A 7iAA— 9] Fa, |34
o] 333, =2 ARl o] #5hHE 0107]‘:}
AFH v 7Rke] Hejd REE2 of gk nlARt
o}z Wslet gA] o ”HEJ.% Folo] 7|8 5
£ o4tste d gt A el :

7V 7122491 °’]EH°1 %*&1% A17d%¥(Convolutional
Neural Network, CNN)
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d=a%, w=p°

7=7¢Subjectt0a/-ﬂz-72::2 .............. (3)
oltf, d, w, r2 ZtZt HEL A 2] Zol(depth), H

H|(width), 92 W =(resolution)S UEHH, ¢=
AA 2dl 3715 24st= 2AYE ASoltt. a, B,
ye 7 A9 2 BleE Uele AR, AR "
M(grid search)2 ol 2HH Aot ol &,
d, w, r Al 845 w3 UA Sote Al Aat=F
o] oF & iy F7lot= A|F 2S WHESHA Hrt
EfficientNet2 42 9] oi2fu|H Rk sk F/44<
A 2e tﬂg}_ﬂ- =4 DA g]_u_ nﬂ ° Au 0}71]
23} 2 9lo], 7|& ndl ju] AjHoz Ao u](a]-

e $2E 52 A dsZ U, sk G4 =
H oAg A4 ool SEEE AU FET
3ol ti714d &7 dlole& &A= bl At 14
HE YEQaR B[rpty ity T ZHY
CCTV °|u]25 283 24 PM2.5 o5 o]

19] 452 JSotal 3thKamble et al., 2024).
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(feed-forward) A% Fx=2, o8 79 24
(hidden layen)& 7AA 42 ¥4 7k HAG A 7
£ shattth (R1A 29359 A4k o3t Zol 49
HkHe et al., 2015).

B =g (WORYD £ pD) s @)
o DL jwzm ouzo] g Aq 0~V
][m,h \_Z\_ZZHL—IO—J LA EJ’}-h =
ol 2YFQl [— 194 24Fo] I AW o()=
FAsh g, W A U0l ke, b
WA 2459 ¥ Uit MLP= £5% A9
TAPZIARE, A9 dlolEof WAR 4 ko] BRI
TEAY 22 QR M40 ko]=2E Arg AUl

7|& B O] SHA FE-E floff Aol A7loA =
2o|d ol garg|Fo] FF dofEl 7|5 Bl
AE At EH OS2 FT-Transformer (Feature
Tokenizer + Transformen) = 943 4 B39 Y
glolE 5L 217t =80l EZ WlE 2 bﬂﬂ-cﬂ—_?_ o=
S of'lldS Foll S 7He] A AR AFeArg-& o

&9HGorishniy et al., 2021). FT-Transformer<]
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JAFsta, \/7?& AALHS o2 softmax® A
Tekete] 7t M40 Fe % FE=T o] FAE
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AHA AR A i dgkel 71 71
£ Adgx o2 gAgslst= nfAdE
AR, BA i Q] AT Mli|E o2 Zol
A2 HHSon et al., 2023).
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ol ZEH R a5ty 9ol & A= v <l
(CNN, ResNet, EfficientNet)7} F& 4 7]
A Y tf7] S E(AIA HR)e Y JAFT(MLP,
FT-transformer, TabNet)°] 243t Ad 7144 =
ZAAA 7] 95 JH)S §ools HEZE e
J(multimodal deep learning) & o}7| €| A& A2k
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Table 1. Image and tabular variables used to prediction PM2.5 concentration

Variables Unit Data source
Imange variables CCTV image - KT GiGAeyes
Temperature %
Wind direction °
Tabulara variables Wind speed m/s Korea M@f;ﬁ:fiiactaal S/Z(i:ilir;istration
Precipitation mm
Humidity %
Target variables PM2.5 pg/m? AirKorea
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Ao, AEA 8]l iE 74
F714Q1 HE& Bdo] F&0] a5
ok

HA B2 EE 93t ske 2 &4 A7 oln)A] b
oJEl= AAIKF AE =Y AH|AQ] KT GiGAeyes Live
TV (https://www.youtube.com/@GiGAeyesLiveTV)
A Algohs IS CCTV B2 E-85t3ct. of
714 9 71V &4 719 AR B18RE 2ET) 9
of, Az A& 71E o ® fF A RE AE2Y 3
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< At 2EHYSHAT olet A, t71e] £
2 Wg-S Algste A HolEe 7143 718 Ak=A
W e (data. kma.go.kr)ol Al Al-goh= 71485 Al=
S F8sto 7I(C), FTH), TH(m/s), A
(mm), dHEFE®%) 5 A 71 JAAE S5t
Al Z Al 1A 2919 A= PM2.5 Sk(pg/md)E
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Table 2. Summary of model architectures and training hyperparameters for the multimodal deep learning model

predicting PM2.5 concentration

Category Component Descriptions
CNN Convolut?on(SxS kernel, 2 stri.de) - Convolution(3 %3 ker.nel, 2 ftride) -
Image Convolution(3%3 kernel, 2 stride) - Global average pooling - Linear
encoder ResNet ResNet50 (pre-trained) - Linear
EfficientNet EfficientNet_b0 (pre-trained) - Linear
MLP Linear(128) - Linear (128)
gx?i);cliz FT-Transformer Feature tokenizer - Transformer encoder (64 dimension, 4 head, 2 layer 2)
TabNet Sequential attention and feature transformer (64 dimension, 3 step)
Optimizer AdamW (weight decay = 0.0001)
Learning rate 0.001
Hyper- Batch size 32
parameters Epoch 100
Scheduler ReducelLROnPlateau
Early stopping Patience 20

JEE Folote 72| 2A198 7S 54 A-85t
of dl&9] S SHSHIT

DaejEd el x| glojA, X BTl
O] CNN RE2 7249] 7F5A]o| A z7]3ksto] ZA|
Sh5-S 2158t ¥, ResNet EfficientNet<> Tt
ojulz] Hlolg] Ao & APY Sh5E 7FEA|E WEoR
Shof, 2 Aol A ARG o|u|z]of B mA 2 4
Poloich. AF doly =eely 2l MLP, FT-
Transformer, TabNet< #&=9] Abd g glo] AA|
52 oth T HEl R Hed 3 B
dl2 v ngee|e Ay ngE|EoA 22 =2
1zt B4 HEE dototal MLP 7|5te] o= s|l=g
Bt S AAE Q.
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Fig. 1. Atmospheric images of Seoul under different PM2.5 concentrations: (a) at 13:00 on January 20, 2025, with a Very poor
air quality level (80 rg/m?); (b) at 13:00 on February 7, 2025, with a Good air quality level (14 xg/md).
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Fig. 2. Comprehensive statistical analysis of meteorological input features from three regions for the PM2.5 prediction
model.
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Table 3. Comparison of PM2.5 prediction performance among single-modality (vision, tabular) models (Bold values indicate

the best performance in each modality)

Modality Model RMSE MAE R?
CNN 13.21 9.71 0.24
Image data ResNet 12.81 8.73 0.28
EfficientNet 10.06 6.97 0.56
Average 12.03 8.47 0.36
MLP 15.84 11.39 -0.09
Tabular data FT-Transformer 16.17 11.51 -0.13
TabNet 15.79 11.31 -0.08
Average 15.93 11.40 -0.10

Table 4. Performance of the multimodal deep learning model in predicting PM2.5 concentrations by observation site

Region Sub-region RMSE MAE R?
Total 8.24 5.83 0.70
Seoulstation 7.36 5.35 0.73
Seoul
LotteWorldTower 7.77 5.50 0.56
Suwon Gwanggyo 9.72 6.87 0.71

n)
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R
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PM2.5 &= 95 7374
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4.2. Il QCip|E| Ral 7|0 s B
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A AEE AEH o2 vlw BAst7] fls), on]A] o
B¢} 714 Y diol"HE A4 53X o2 A T
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ResNet, EfficientNet)Zt 3 tllo]g] 7]gto] of|& 1
A(MLP, FT-Transformer, TabNet)oll tigt RMSE,
MAE, 18]3 R? %7} A¥H= Table 391 WYeRAIC

omzE TEoR o]83t v Yl IF A=
EfficientNet®] RMSE 10.06 pg/m?, MAE 6.97 p

or

o mS O oo

g/m*z @2Hs 7MY 3A E9.2H, 0.569 7}1 =2
R® 72 7155t foulgt o5 A4 =
O] EfficientNet2 7Fg @2 A5 B2l CNN EHH]
RMSES 9 23.8% Ao, R 3H2 0.24914
o 56202 24l o] ot F31g PM2.5 sk ¢l
95 /A a8 RATH EfficientNet= A5l
CNNOM T2 A A= ol JET ResNett 2,

o2 1
YEA ] o], yH], 4 olu]z|9] s A
o] H| &2 B 4] SAH= Bt A7dd 9L dad)

H|A 2Elo]tTan et al., 2019). o]2g 124 EA

S B QUFORE Gh7] oful] o] F7
AAAH Y B RE, Qe FEE e o4
ot Aok @Y I 2719 598 71 A
WopA 35T 5 A9k vIH B TEe) BE RE
0.362 LhEhglo ], ofi= 714 ¥4 glo] olelxjgte
25 PML5 5RO 9% PES AT 4 %8S A

T =
ATt ol ti71o] A7k EEETt PM2.5 At

oJgt Hl9o] m] 4ttE A H A0 = HhYsh= =t i
A 7QS YehdTt

T, 71 AE dHolHwE BEo R 53t 1Y
I5(MLP, FT-Transformer, TabNet)= Al =g &
T R? 3ol 24%-0.08 ~ -0.13)2 UehH o5 A%
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Fig. 3. Time-series prediction results of PM2.5 concentration and 90% prediction intervals of the multimodal model by
observation site: (a) Seoul Station, (b) Lotte World Tower, (c) Gwanggyo Lake.
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Fig. 4. Explainable Al visualization of the multimodal deep learning model for predicting PM2.5 concentration at the Lotte
World Tower site: (a) Spatial activation maps from the vision encoder, and (b) feature contribution heatmap of
meteorological variables from the tabular encoder.



H-49 § Qe 7

#
=3

ERHE U7 &
o= §etote] PM2. 5

ol g,
o &bt
v 2=
o 5,

S e X wp
o T, N
'r‘u _
i m%ﬁ %
30 > O
3:9_‘ O“F ol
v 3u!
o [Tk
= o m

_IZi_E

(AR
o W
e,
o,
oo
A
=
e rlr
1
s
[>
3u!
g,
o
o
v
i

N
:OIL_"
1%
N
o
o
Hir o
flo 1
2
-4
ox X
e &
W alN
HNr mlo
lo 2
ng of
oo, 1
o 4>

re
re,

Tolre A 71 #= 49 dlelg et div]
gastel 2AHA (PM2.5) FEE 2D
stal, 1 o5 o] 224 AEetels 2H
¢ RS AQstArt. A A, ti719] Al
12 skasl v)A Relo|u 7|AF BEZITHE
B2 oS el S EArh
E AT B o7 gotol HE| gk
214 .34 A EAo] T2 A = 7
i RO et oS 4
P AW 0.73& ”‘éo}‘ﬂ melo] HgAdv &
s 2740 DAE ]
2944 817 REYL 90% ol A1) 7
oM, FAT o71d ofst E 1B o

A 2laTe] et FEEA s 75
ot 4% 7kt Q1325 A4S 54 o
B e A EIEAS AT
AT A7telERqlof| A B Sk w] AFet 7]Hke]
St FA2 Htgsig e, A G E 55
7] a3t 9 gl m oelzE
Uﬂ?ME—‘l il obz 98-S FHlatrt.
Sl PM2.5 = <5
o}, WA, 17 <l
et ZmAHAE A
741 , 789 714 dlelE et
NEA HA%E ) watA
o}, ok, F7re] eyt
o] mg P WEAe Testel, Azt
2 F71etol Bee FoRt Mg mdz

ofm7]

mlm

Ol
b
)
£

I

By

b oy gn
o HL

& 2 oo 2 g
n
st
gl
o
Ku) le

5?1 oL
ko
g
lo
>

d0 A off o ml Tl N T
i o
ofl 1% po W =2
>~
T
e,
ko
et
NI
ﬂ
Hﬂ
%

0% U?E ol o\

N
rg oo &L ox |o

B
2 2

Ol
b

=5

o

>~ 10 3

r

oX,

lo 2 o ©
-
X
I rl JE
Ml
isg

E{Oi!
I
[Uim

nﬂ‘
—{>
[o

o
Mo 3 =

aE

;9 f Ho

rlr :Io }11
m

kel WA
22 A% 914
oz He
of7k 013
3 mere)
spgo] 58 JOR ¥
75&14 OE icr]:rL }
o Baal o)) et o kA
=

B Oﬂ? Zdojrt, ]

BN
N
g o

poy
OFU

JEOE it

L)
el
7

B HedS &8 2rAEA T A% 321

of tigt ¥4 A7t A=Y, B A FF 10t

& EAo] BAIRt Aot A AX|7F 7t
028 AL 719 CCTV HIEHI E &

ogx Zgste] szl ti71d BUE

L g dAlAel Va2 e

=

of kRS FYRAYSL ALFolSEATY
(2024197 J5te] ATEIL.

REFERENCES

Ancona, M., Ceolini, E., Oztireli, C., Gross, M., 2017,
Towards better understanding of gradient-based
attribution methods for deep neural networks,
Published as a conference paper at ICLR 2018, arXiv
preprint arXiv:1711.06104v4.

Athira, V., Geetha, P., Vinayakumar, R., Soman, K. P.,
2018, Deepairnet: Applying recurrent networks for
air quality prediction, Procedia Comput. Sci., 132,
1394-1403.

Chen, C. W., Tseng, Y. S., Mukundan, A., Wang, H. C.,
2021, Air pollution: Sensitive detection of PM2.5 and
PM10 concentration using hyperspectral imaging,
Appl. Sci., 11(10), 4543.

Chen, Q., Chen, W., Pan, G., 2022, An Improved picture-
based prediction method of PM2.5 concentration,
IET Image Process., 16(11), 2827- 2833.

Chen, Z., Chen, D., Zhao, C., Kwan, M. P., Cai, ]J.,
Zhuang, Y., Xu, B., 2020, Influence of
meteorological conditions on PM2.5 concentrations
across China: A Review of methodology and
mechanism, Environ. Int., 139, 105558.

Choi, W. W., Kim, E. J., Lee, S., 2026, Spatiotemporal
variation of particulate matter PM2.5 concentration
and hierarchical clustering characteristics in Busan
metropolitan area, J. Environ. Sci. Int., 35(2),
91-107.

Do, W. G., Kim, D. Y., Song, H. J., Cho, G. J., 2023, A
Study on the PM2.5 forecasting method in Busan
using deep neural network, J. Environ. Sci. Int.,
32(8), 595-611.

Faraji, M., Nadi, S., Ghaffarpasand, O., Homayoni, S.,
Downey, K., 2022, An Integrated 3D CNN-GRU deep
learning method for short-term prediction of PM2.5
concentration in urban environment, Sci. Total



322 F95 - Fl -

Environ., 834, 155324.

Fujino, R., Miyamoto, Y., 2022, PM2.5 decrease with
precipitation as revealed by single-point ground-
based observation, Atmos. Sci. Lett., 23(7), e1088.

Gorishniy, Y., Rubachev, 1., Khrulkov, V., Babenko, A.,
2021, Revisiting deep learning models for tabular
data, Adv. Neural Inf. Process. Syst., 34, 18932-
18943.

He, H. D., Lu, W. Z., Xue, Y., 2015, Prediction of
particulate matters at urban intersection by using
multilayer perceptron model based on principal
components, Stochastic Environ. Res. Risk Assess.,
29(8), 2107-2114.

He, K., Zhang, X., Ren, S., Sun, J., 2016, Deep residual
learning for image recognition, Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition, Las Vegas, 770-778.

Huang, L., Liu, S., Yang, Z., Xing, J., Zhang, J., Bian, J.,
Liu, T. Y., 2021, Exploring deep learning for air
pollutant emission estimation, Geosci. Model Dev.,
14(7), 4641-4654.

Kalajdjieski, J., Zdravevski, E., Corizzo, R., Lameski, P.,
Kalajdziski, S., Pires, I. M., Trajkovik, V., 2020, Air
pollution prediction with multi-modal data and
deep neural networks, Remote Sens., 12(24), 4142.

Kamble, A., Aramkul, S., Champrasert, P., 2024, A
Mobile image-driven PM2.5 estimation framework
using deep learning techniques, IEEE Access, 13,
16196-16207.

Kwak, K. H., Kim, J., Choi, M., Jeon, Y., Kim, T., Lee, G.,
Kang, B. C., Jung, S. A., 2025, Enhancing the
simulation performance of PM2.5 compositions in
the WRF-CMAQ modeling system using machine
learning techniques, J. Korean Soc. Atmos. Environ.,
41(3), 430-447.

Laohakiat, S., Klerkkidakan, S., Wiwatwattana, N.,
2024, Visually estimating and forecasting PM2.5
levels using hybrid architecture deep neural
network, Curr. Appl. Sci. Technol., e0258074.

Lee, K., Lee, S. H., Kim, E. J., 2016, Assessment of global
air quality reanalysis and its impact as chemical
boundary conditions for a local PM modeling
system, J. Environ. Sci. Int., 25(7), 1029-1042.

Liu, Y., Zhang, Y., Yu, P., Ye, T., Zhang, Y., Xu, R., Guo,
Y., 2024, Applying traffic camera and deep
learning-based image analysis to predict PM2.5
concentrations, Sci. Total Environ., 912, 169233.

Ma, M., Zhao, Z., Ma, Y., Cao, Y., Kang, G., 2025, PM2.5
concentration simulation by hybrid machine
learning based on image features, Front. Earth Sci.,
13, 1509489.

59 - |12

il

&

Nam, K. J., Li, Q., Heo, S. K., Tariq, S., Loy-Benitez, J.,
Woo, T. Y., Yoo, C. K., 2021, Inter-regional
multimedia fate analysis of PAHs and potential risk
assessment by integrating deep learning and climate
change scenarios, J. Hazard. Mater., 411, 125149.

Park, J., Lee, J. Y., Choi, Y., Babar, Z. B., Seo, S., Ahn, ]J.
Y., Lim, H., 2025, Characterizing temporal and
spatial patterns of PM2.5 and PMI0 in
Baeangnyeong Island and the Seoul metropolitan
area, J. Environ. Sci. Int., 34(11), 669-695.

Russell, A. G., Brunekreef, B., 2009, A Focus on
particulate matter and health, Atmos. Environ., 43,
4620-4625.

Son, R., Stratoulias, D., Kim, H. C., Yoon, J. H., 2023,
Estimation of surface PM2.5 concentrations from
atmospheric gas species retrieved from TROPOMI
using deep learning: Impacts of fire on air pollution
over Thailand, Atmos. Pollut. Res., 14(10), 101875.

Song, S., Lam, J. C., Han, Y., Li, V. O., 2020,
ResNet-LSTM for real-time PM2.5 and PMI10
estimation using sequential smartphone images,
IEEE Access, 8, 220069-220082.

Tan, M., Le, Q., 2019, Efficientnet: Rethinking model
scaling for convolutional neural networks,
Proceedings of the International Conference on
Machine Learning, PMLR, 6105-6114.

Thara, D. K., PremaSudha, B. G., 2019, Auto-detection
of epileptic seizure events using deep neural
network with different feature scaling techniques,
Pattern Recognit. Lett., 128, 544-550.

Wang, H., Wang, Z., Du, M., Yang, F., Zhang, Z., Ding,
S., Hu, X., 2020, Score-CAM: Score-weighted visual
explanations for convolutional neural networks,
Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition
Workshops, Seattle, 24-25.

Won, W. S., Oh, R., Lee, W., Ku, S., Su, P. C., Yoon, Y. J.,
2021, Hygroscopic properties of particulate matter
and effects of their interactions with weather on
visibility, Sci. Rep., 11(1), 16401.

Woo, S., Park, J., Lee, J. Y., Kweon, I. S., 2018, CBAM:
Convolutional block attention module, Proceedings
of the European Conference on Computer Vision
(ECCV), Munich, 3-19.

Wu, Y., Wang, X., Wang, M., Liu, X., Zhu, S., 2024,
Time-series forecasting of PM2.5 and PMI10
concentrations based on the integration of
surveillance images, Sensors, 25(1), 95.

Yang, Z., Wang, Y., Xu, X. H., Yang, J., Ou, C. Q., 2022,
Quantifying and characterizing the impacts of
PM2.5 and humidity on atmospheric visibility in 182



-9 g d2d 7R EERE

ofll

Chinese cities: A Nationwide time-series study, J.
Clean. Prod., 368, 133182.

Zagoruyko, S., Komodakis, N., 2016, Paying more
attention to attention: Improving the performance
of convolutional neural networks via attention
transfer, Published as a conference paper at ICLR
2017, arXiv preprint arXiv:1612.03928v3.

Zhang, G., Rui, X., Fan, Y., 2018, Critical review of
methods to estimate PM2.5 concentrations within
specified research region, ISPRS Int. J. Geo-Inf.,
709), 368.

Zhao, F., Zhang, C., Geng, B., 2024, Deep multimodal
data fusion, ACM Comput. Surv., 56(9), 1-36.

Zheng, Y., Yi, X, Li, M., Li, R., Shan, Z., Chang, E., Li, T.,
2015, Forecasting fine-grained air quality based on
big data, Proceedings of the 21th ACM SIGKDD
International Conference on Knowledge Discovery
and Data Mining, Sydney, 2267-2276.

Zhou, S., Wang, W., Zhu, L., Qiao, Q., Kang, Y., 2024,
Deep-learning architecture for PM2.5
concentration prediction: A Review, Environ. Sci.
Ecotechnol., 21, 100400.

2dg 283 2R Tk A= 323

* Integrated Bachelor's and Master's course. YoungHo
Song
Department of Environmental Engineering, Pukyong
National University
syh1854@naver.com

* Integrated Bachelor's and Master's course. SuBin Hwang
Department of Environmental Engineering, Pukyong
National University
hab6310@naver.com

* Integrated Bachelor's and Master's course. DoGyeong
Baek
Department of Environmental Engineering, Pukyong
National University
qorehrud1526@naver.com@naver.com

* Integrated Bachelor's and Master's course. SuYoung
Song
Department of Environmental Engineering, Pukyong
National University
ssyeongb3@naver.com

* Professor. KiJeon Nam
Department of Environmental Engineering, Pukyong
National University
kinam@pknu.ac.kr



	비전–정형 융합 인코더 기반 멀티모달 딥러닝을 활용한 초미세먼지 농도 예측
	Abstract
	1. 서론
	2. 연구이론
	3. 연구방법
	4. 연구결과
	5. 결론
	REFERENCES


