'.) Check for updates

Journal of Korean Society for Atmospheric Environment
Vol. 40, No. 5, October 2024, pp.558-571
https://doi.org/10.5572/KOSAE.2024.40.5.558

p-ISSN 1598-7132, e-ISSN 2383-5346

=
™=

Ho

MEXY 15k QE HETLE 2t EREE SEUQ HA|
Proposed Utilization of Classification Models for High Ozone Alert
Communication in Seoul

= 2= =1) 3 1 =1242 3),
0||1_|_9_' AI-ZOI‘_S_. %Eﬂg ), }_I%A_‘! ). Ol?j%‘)l ), ?ZI‘% »* JHAOI 2024|_|j 8% ]OIOEI
NS EEA ATEAER Q1A VAL EUA nARF AT Ay, | TU8 008 1

FHEHQ 202414 9% 30Y

Received 10 August 2024
Revised 12 September 2024

Jinhyo Lee, Changhun Sa, Taecho Yoon, Yongsuk Choi”), Accepted 30 September 2024

Hyunjung Lee?, Jayong Koo”"*

Air Quality Policy Division, Seoul Metropolitan Government, Seoul, Republic of Korea

U Atmospheric Research Department, Seoul Metropolitan Government Research Institute of
Public Health and Environment, Seoul, Republic of Korea

DDepartment of Environmental Engineering, Jeju National University, Jeju, Republic of Korea
3Department of Environmental Engineering, University of Seoul, Seoul, Republic of Korea

*Corresponding author
Tel : +82-(0)2-6490-2866
E-mail : jykoo@uos.ackr

Abstract A machine learning-based classification model was applied to identify the main influencing factors affecting O;
advisory (triggered when hourly average O3 concentrations exceed 0.12 ppm), using existing 25 urban air quality monitoring
networks data from Seoul and meteorological data from Seoul automatic weather station (Jongno-gu). From May to
September 2023, data were collected and analyzed. The dataset comprised 19 variables, including urban air quality metrics
(such as Oz, PM, 5, PM;o, NOy) and meteorological parameters (such as wind speed, temperature, relative humidity, rain
probability, and cloud cover), recorded on an hourly basis. Using this data, two classification models were developed: the first
model (analysis model, ANM) employed decision tree and random forest algorithms to identify the main influencing factors
affecting high O; concentration events. The second model (prediction model, PRM) was designed to predict the likelihood of
O3 advisory for the following day. Through the application of ANM, the main influencing factors affecting high O; con-
centration were identified, with PM, s, PM;,, and temperature emerging as significant variables affecting Oz advisory. And
both decision tree and random forest models have demonstrated strong classification performance. These results indicate
that the models effectively classified the data into category 0 (no O; advisory) and category 1 (O5 advisory). Additionally, a
second classification model (PRM) was developed to predict the likelihood of O; advisory in Seoul for the following day. This
model utilized seven independent variables: temperature, relative humidity, rain probability, cloud cover, and forecasted air
quality levels (PM, 5, PM,, O3). Overall, these findings suggest that PRM is a viable tool for predicting next-day O advisory. In
this study, the application of the proposed classification model methodology based on real-time air quality and meteorological
data for a given region is expected to quantitatively explain the performance of PRM and be usefully utilized in reducing Os
exposure for sensitive and vulnerable populations.
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Classification Model
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» Oj alert categorization and improving data imbalance ("23.5~9.)
= Data categorization, Kalman Filter, SMOTE (Synthctic Minority Over-sampling TEchniquc)
L 3

\
» Running Decision Tree, Random Forest
= Data partitioning (train : test = 8 : 2)
= Cross Validation (10-fold) applied only in the case of Random Forest model
= Confusion Matrix comparison — accuracy, sensitivity, specificity etc.
= Variable Importance comparison
. J

/r Analysis Model (ANM)

Classification algorithm : Decision Tree, Random Forest
Identification of the main influencing factors affecting high concentration O;

~

» Prediction Model (PRM)

= C(Classification algorithm : Decision Tree, Random Forest

= Using the factors for which forecast results (values, grades) are provided,
among the main influencing factors identified from ANM as input variables

= Sensitivity analysis for each scenario (1~5), CART algorithm

& Predicting the possibility of O; advisory tomorrow (0~23hr) /

Fig. 2. Flow chart for the development of classification model.
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Table 1. PM, 5, PM,, O3, Cloud cover forecast rate and probability scoring table.

Forecast rate

Item Classification
Good Moderate Unhealthy Very unhealthy
Concentration range 0~15 16~35 36~75 Over 75
Scenario 1 1 3 7 10
PMys seor Scenario 2 1 3 8 10
(hg/m?) (ﬁfz'g? Scenario 3 1 3 8 10
Scenario 4 1 4 8 10
Scenario 5 1 3 7 10
M Concentration range 0~30 31~80 81~150 Over 150
10
3
(hg/m?) Scoring (1~10) 1 4 8 10
Concentration range 0~0.0300 0.0301~0.0900 0.0901~0.1500 Over 0.1500
Scenario 1 1 5 8 10
0Os Scor Scenario 2 1 5 8 10
(Ppm) (ﬁfr;g? Scenario 3 1 5 9 10
Scenario 4 1 5 8 10
Scenario 5 1 4 8 10
Forecast probability
Item Classification
Clear Partly cloudy Mostly cloudy Cloudy
Cloud cover Scoring (1~10) 1 4 7 10
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Table 2. Confusion matrix of decision tree model.

Observation

No advisory (0)  Advisory (1)
- No advisory (0) TP FP
Predict
rediction Advisory (1) FN N

TEE AHESF T EF 294 TP (true positive)
= AST ASF 2% true?] WIE, TN (true nega-
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Table 3. O; advisory current status and regions (2023).

Advisory Advisory ’ O; advisory
Year number day Region
May June July August September Total
Central 1 2 2 3 0 8
Northwestern 1 2 2 5 1 11
Northeastern 2 1 1 3 0 7
45 14 Southwestern 3 3 2 2 1 11
Southeastern 0 1 4 2 1 8
Total 7 9 11 15 3 45
2023

» Central (Jongno, Jung, Yongsan)
» Northwestern (Mapo, Seodaemun, Eunpyeong)
» Northeastern (Seongdong, Gwangjin, Dongdaemun, Jungnang, Seongbuk, Gangbuk,

Advisory region Dobong, Nowon)

» Southwestern (Yangcheong, Gangseo, Guro, Yeongdeungpo, Geumcheon, Dongjak,

Gwanak)

» Southeastern (Seocho, Gangnam, Songpa, Gangdong)

Table 4. Confusion matrix and main evaluation index of decision tree model (1).

Observation

Evaluation index

No advisory (0)  Advisory(1)  Accuracy Sensitivity  Specificity Cohen’s kappa P-value
e No advisory (0) 15,955 148
Predict
rediction advisory (1) 939 16,485
0.9676 0.9444 0.9911 0.9352 <2.2e-16
Sum 16,894 16,633
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No
0.50
100%

%

No No
0.01 0.01
4b% 3%

No —,— Temperature < 29
0.34
PM,q < 51 “
10 No
0.55

o DiEE OF HENNS 9ist 2EDY BEWH KA 565

0.88
56%

13%
Temperature <24 —‘
Yes
0.79

3%

Fig. 3. Decision tree (1) for high concentration O5 events in Seoul.

Table 5. Cases affecting high concentration O events in
Seoul.

Case  PM,s(ug/m3) Temperature (°C) PM;q (ug/m3)
1 >25 >29 -
2 >25 24 <Temperature <29 >51

AA @F FoH G Atel F 49%E RSt
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Table 6. Main hyper-parameters for random forest model (1).
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Hyper-parameter trainControl ntree mtry nodesize importance
Value method =cv 100 6 5 TRUE
number=10
Table 7. Confusion matrix and main evaluation index of random forest model (1).
Observation Evaluation index
No advisory (0)  Advisory(1)  Accuracy Sensitivity  Specificity = Cohen'’s kappa P-value
Prediction Egjj;';cfg © 16'8:; 16 63?
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Fig. 4. Rank of factors affecting high concentration O3 events in Seoul.
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Table 8. Confusion matrix and main evaluation index of decision tree model (2).

Observation

Evaluation index

No advisory (0)  Advisory(1)  Accuracy Sensitivity  Specificity = Cohen’s kappa P-value
No advi 0 15,438 2,083
Prediction AZ a. visory (0) 283
visory (1) g 14,541 0.8991 09233 08747 0.7891 <22e-16
Sum 16,721 16,624
Table 9. Cases affecting O3 advisory prediction model of 25 AQMNs.
Case O5 (score) PM, ;5 (score) Humidity (%) Temp. (°C) PM;, (score) Rain prob. (%)
1 >5 >5
>5 2<PM,5<5 >70 >22 <25
>5 2<PM,5<5 >70 >22 >25 <10
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Table 10. Main hyper-parameters for random forest model (2)
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Table 11. Confusion matrix and main evaluation index of random forest model (2)
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Fig. 6. Rank of factors affecting Oz advisory prediction model of 25 AQMNs.
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