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[Abstract]

Machine learning and deep learning are being researched in various fields and applied in real life. Designing reliable models is
crucial, and understanding the results of these models is necessary. This paper analyzes the impact of variables on prediction values
using SHAP. Prediction models for P, were designed using DNN and LSTM algorithms. The training and test data were
composed by selecting weather data and air pollutant data through correlation analysis. The RMSE and accuracy for AQI categories
were checked for both prediction models, with the LSTM algorithm showing slightly better performance. The contribution of variables
to the prediction values of both models was confirmed using SHAP. It was found that air pollutant data had a high contribution in
predicting P, 5, and temperature among weather data had a high contribution in the prediction process of both models. Both models
showed that high values of temperature, wind speed, and sea level pressure decreased prediction values, while low values increased
them. For NO,, PM,;, and SO,, the LSTM model showed a bidirectional impact on prediction values, unlike the DNN model.
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http://dx.doi.org/10.12673/jant.2024.28.5.760 Received 7 October 2024; Revised 26 October 2024

@ @ This is an Open Access article distributed under Accepted (Publication) 29 October 2024 (31 October 2024)
@ s the terms of the Creative Commons Attribution

Non-CommercialLicense(http://creativecommons

*Corresponding Author; Chang-Heon Oh

.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial .
use, distribution, and reproduction in any medium, provided the Tel: +82-41-560-1187
original work is properly cited. E-mail: choh@koreatech.ac.kr

Copyright (©) 2024 The Korea Navigation Institute 760 www.koni.or.kr pISSN: 1226-9026 elSSN: 2288-842X



.M 8

p
L

A9l 47 10 olale) 2715
(PMyy)et 3bH 217 2.5 pm ©]5te]
v AAR(PM, ekt 1], w5 2h iRke] Ao]7] uf

F A= wol] HolA] 3 AR
7

2ol 55712 Fo 97 =51 = on, oo uet P2t

wEE 49 557] A%, AE AW, 9 A, AE w5 5

A%l 9F B4 ke 9P T 20102 wuw Yt
T

2]-[4]. T3 AlAIRA7]7HWHO; World Health Organization)
2k} A A~ (IARC; International Agency for Research on
Cancer)= 9& o] 20133 %0 PIAAAE 1+ WtEd=E &
ol om, A BE AFgEo] HAHA el tigh S
QJAEATHS). oldll B2 552 AU 7} AE A, ofF
QoA o] o7} I A e AA| 5 Abs] ] AA s As)
of Alez FAF L QlH6]-[8]. Al A ol Wik Akzle]
aFeo] & vk mAIHA] o Bl thigk Al Folb om, tS:
43t ol 17} 97w a1 Qlok whabA] WA Ao gk theFe
AT7F = AL gl o] T wAleldolu Hed daeSss
83t oS BES B3| vAEA] 6 d5S FIATY
e ATEE AL QLA oS EEO) Shgell ths) theke
tlofE]E9] ¥4 % 218 = AL ek
Li(2024)°] ATellA= Aol o] 7] 5 PM,; §% W3
o] =8 818 A= A& X ). Random forest &L
Y5 ol83te] P, o5 RAS A o, 355 o]
HE d7]|e@E4S 283190t} SHAP (shapley additive
explanations)2- ©]-8-5}4] oS 2dlo] 74 A3} 7| e dEd
T NO,9t 50,0 o= gholl thgh 7]l 7} 32 A& &12lak3d
THI]. Gao(2022)2] A-tollM= sldRIe] P, w5 oSl
gt di7| 29 EA 9 71738919 45 X135}1¢l k. Random
due|EH t7| L d=ddolE], 7)dHolH, o2&
F8H771(AOD; aerosol optical depth) H|o|E & AFE-5}o] o=
RS Al ®Elle] b it AlE 2 AHRMSE;
root mean squared error), H At 2 XH{MAE; mean absolute
error) AHE3F1 .01, 1323, 6.699] FHS EISIAIT) W5 0]
PM, ;2] d527gol M9 7o =g B4517] 218 SHAPE A}

- —

o

forest

Sl om, Hat 9t AOD2] 7|9 m7) e S Bl
TH10]. Guo(2023)2] SA7-ell - Catboost L E]ES ©]-&3}
of AWe] P, 5% W 5 RES ATk gk
H2Eo] ARESH] 918k HlolH = Al &%, Fi, CO,, 2%
£ AHE-SIGITE SHAPE AHE-ste] o5 ghell tigh 7] =g &
1&gk A7} g AIRE ] PM, 7Y 7P 71t Eekom,
HA R FE7t 7S 58 S SISkt 1]

1 =M= SHAPS: o] 831o] P, oS RElof ot
W G BAeith Held daEls 5 AsAE

761

1] ES AR 01, 20199 5-E] 51371 FHQHA
S 2 7] LG EA dolHE AMESE
TR dlole] 5 PM, <F 473 e] )
Agsielon, o] A¥E 7wto R sk 9 HAE
tlo]E1E A8l TE DNNZ LSTM dare]ss 7|9ke] o & &
22 stold] setulE] S-S T3l H Ao setvEE st
Rom, oS 4% H7FE £18] RMSESF AQI(air quality index)
o] MFE 283 AFgns 7|02 1] o] F SHAP
& o]-§3t oS Fholl e MEe] &k S Felaginh

. diolef =& & 74
2-10IoIE] =& U & HIolE] MHY
PM, 5 o5 5He]

=
FHOIA A B2
AR YLD B

E|=E dloJE= 7)1 1}

An)
Gl
>
Rl
0P
[ell
ol
38
s
N
0%
ol

> 1o

W= Heold & L= 2%, o]&d
T, AT B, 5, S 371 @AIS sidish A
ol tig HlolHE FHeith ela f33e] Air
koreas &3l ZSkA| €] 7] d|olE Sk 1T 0 57
2o ti7]edEd HolHE 7] edEd wle]

El= PM,,, PM,,, O,, NO,

Q
Q
o)

= &3 tloE| 2 o5 td<l
OJH & IFAHEA & W Biet. A2 pearson - 7l
5 AFESFSIT Pearson 3 Al T WG Alolo] A &
Alo) e} ke Sgeke WolH, 9148 wse} 94
W 2ke] BAIE SIS w) AR E 12 R 9 vl e ek
A5 Sl P, 7o) ZgHEA] A atolrt
£ 1. ARHEY 23}
Table 1. Correlation analysis result.
Variable correlation analysis
Station pressure 0.24
Sea—level pressure 0.24
Vapor pressure -0.30
Temperature -0.27
Meteorological Dew—point Temp. -0.24
elements Wind speed -0.21
Precipitation -0.08
Wind direction -0.08
Cloud cover -0.04
Humidity 0.00
PM,, 0.80
co 0.63
) NO, 0.56
Air pollutants
SO, 0.27
[oX -0.09
PM,, 1
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Table 2. Hyper parameter search result.
parameter DNN LST™M
units 140 80
dropout rate 0.5 0.2
batch size 200 20
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Table 3. Prediction performance.

indicator DNN LST™M
RMSE 4.346 3.99
accuracy 80.99% o0 78
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low concentration 08.73% 08.85%
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( Sgizt;;igyg : (840 / 1064) (855 /1063)
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