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Abstract Fine particulate matter (PM,s), defined as particles with a diameter of 2.5 micrometers or less, poses significant
health risks as it can penetrate alveoli upon inhalation. Research on the vulnerability to PM, 5 has predominantly focused on
indicators derived from the Intergovernmental Panel on Climate Change (IPCC) vulnerability assessments on health in the
context of climate change (2007). This study aims to analyze PM, 5 vulnerability areas using a Deep Neural Network (DNN) model.
The research area is set in Seoul, South Korea, characterized by high population density and a basin-like topography that inhibits
atmospheric dispersion, thus presenting environmental vulnerability to air pollution. In the DNN model, the dependent variable
is defined as the PM, 5 vulnerability areas, which correspond to currently designated intensive management zones for PM, s. For
the independent variables, data were collected based on the criteria for the designation of these management zones, including
the annual average concentration of PM, 5, the number of high PM, 5 concentration days, the annual average concentration of
PM;(, the number of high PM;, concentration days, demographics of vulnerable populations aged 65 and older and under 15,
facilities utilized by these vulnerable groups, sources of particulate matter emissions, and pollution sources from industrial
activities, totaling ten datasets. Through a data preprocessing process, the study established a spatial database structured in a
100 m X 100 m grid across Seoul, with the independent variables serving as attribute values. The DNN model was quantitatively
evaluated using performance metrics, and based on these results, a vulnerability map for PM, 5 in Seoul was visualized and
analyzed. The findings of this study are anticipated to serve as foundational data for the Ministry of Environment'’s policy
formulation aimed at data and Al-based environmental management.
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Table 1. WHO PM, 5 causal relationships setting.
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Exposure term Health outcomes Causality determination
* All-cause mortality * Causal for all-cause mortality
+ Cardiovascular mortality + Causal for cardiovascular mortality
Long-term * Respiratory mortality + Causal for respiratory mortality
* Lung cancer mortality » Likely causal for lung cancer mortality
PM, 5 + Causal for all-cause mortality
* All-cause mortality + Causal for cardiovascular mortality
Short-term + Cardiovascular mortality + Causal for respiratory mortality

* Respiratory mortality

* Causal for cardiovascular effects
+ Causal for respiratory effects

Table 2. WHO recommended AQG level and interim targets for PM, s.

Interim target (ug/m?)

Exposure term ( A(/Jr;)
1 2 3 4 Ho
24 hour 75 50 375 25 15
PM, 5
1 year 35 25 15 10
Table 3. South Korea and international PM, ; management standards.
South  United . Hong . United European
Exposure term Korea States Japan Canada  Australia Kong China Kingdom Union WHO
PM, 5 24 hour 35 35 35 27 25 75 75 - - 15
(ug/m?) 1year 15 15 15 8.8 8 35 35 25 25
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Fig. 1. PM, 5 Annual average concentration of South Korea.

Table 4. The criteria for Particle Matter (PM) management zone.
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Criteria

PM, 5 (Hg/m?)
or PM;q (pg/m3)

* PM, s: (for 3 years) Exceeding Annual average concentration 15 pug/m3
* PM,: (for 3 years) Exceeding Annual average concentration 50 pg/m?

Facilities density

A minimum of 10 facilities catering to PM, 5 vulnerable groups (daycare centers, kindergartens,
elementary schools, senior welfare facilities, postpartum care centers, and hospitals)

Area

Distance within 200 meters of density of vulnerable groups facilities, with a maximum distance of 1 kilometer
(In cases where the distance extends to 1 kilometer, a management plan for source of PM must be included)
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Study Area : Seoul

Fig. 2. Study area: Seoul.
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Fig. 3. (a) PM, 5 annual average concentration and (b) PM,, annual average concentration in Seoul.
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Table 5. Variables of PM, 5 vulnerability area in this study.
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Factors Data type Resolution Source
PM, s annual average concentration Point Daily www.airkorea.or.kr
High PM, 5 frequencies Point Yearly www.airkorea.or.kr
PM;, annual average concentration Point Daily www.airkorea.or.kr
High PM, frequencies Point Yearly www.airkorea.or.kr
Daycare centers Point - data.seoul.go.kr
Kindergartens Point - data.seoul.go.kr
;a,:;illties of Elementary schools Point - data.seoul.go.kr
SZEI:JZZOW ;Lrjcl)r:;r:ble Senior welfare facilities Point - data.seoul.go.kr
Postpartum care centers Point - data.seoul.go.kr
Hospitals Point - data.seoul.go.kr
Population aged under 15 Grid - sgis.kostat.go.kr
Population aged 65 and older Grid - sgis.kostat.go.kr
Sources of fugitive dust Point - cis.seoul.go.kr
Sources of air pollutant emissions Point - cleanair.seoul.go.kr
Sources of PM by road mobile Polygon Weekly www.bigdata-transportation.kr
Outcome PM, s management zone Grid - www.seoul.go.kr
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Fig. 4. Data of explanatory variables in this study: (a) 84 air quality measurement sites, (b) Facilities of PM, s vulnerable
groups, (c) Facilities of fugitive dust, (d) Facilities of air pollutant emissions, (€) PM by road mobile by Dong.

£ DNN B9 b HlofelMESH 4% W 4587 3.1 7 xk2 Hxfal
2 9t HlAE HolHAER Uieelnk B2 mhl 29 62 akAel DNN 290 8 2 o 5L 9]

DNN 292 A 5 275 ol dFotL, 4 dll, A=AE 100mx 100 m T9] Grid= ZA=}35}s}od,
YHS] ST PUHE JYSIQle HFHoR A AWHs 9 ARHSE SRR 7= ASA]
SA] ZOHHA] FHoFA A o g& 4Pkt SRt olEHo] A S 5T AASHE F 61,650

7N Grid 5 At} 7ol sfFsh= GridE Al 2gt 41,557

=7 gstElX| M 41 E M3 &



Deep Neural Network RS 0|&8t ZOIMHX| FAX|H ZM: MSA| A7

Outcome variable

PM management zone G Tt

Explanatory variables

True label

False label

PM, 5 annual average
High PM, 5 frequencies

PM;, annual average
High PM,, frequencies

Fugitive dust
Air Pollutant emissions
Vulnerable group facility

CAPSS PM by Road

Population aged under 15

Population aged over 65

KDE Min-Max Rescale

Focal Statistics

100m X 100m Grids

Spiit Dataset

Performance Evaluation

Feature Importance Evaluation

[
[ PM, 5 Vulnerability Areas Map

Fig. 5. This flow chart summarizes the study process from data collection and preprocessing, through DNN model training

and evaluation, to PM, 5 vulnerability mapping in Seoul.

Study Area : Seoul Grid
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Fig. 6. Seoul grids (100 m by 100 m): 41,557 grids were used in this study.
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Fig. 7. Variables after Min-Max Re-Scaling used in this study: (a) High PM, 5 frequencies EBK, (b) PM, 5 annual average EBK, (c)
High PM,, frequencies EBK, (d) PM;, annual average EBK, (e) Fugitive dust KDE, (f) Air pollutant emmisions KDE, (g) PM by road
mobile, (h) Facilities of PM, 5 vulnerable Groups KDE, (i) Population aged under 15, and (j) Population aged under 65 and older.
Empirical Bayesian Kriging (EBK).
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Explanatory
Variables
(10)

[256]

[128]

Hidden Layer Output Layer

Outcome
Variables

[64] [32] [16]

Fig. 10. DNN model architecture proposed in this study. The DNN model, a 6-layer network with 5 hidden layers, classifies
PM, 5 vulnerability and non-vulnerability areas based on 10 explanatory variables.
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Fig. 11. ROC curve for classifier model evaluation: (a) AUC=0.5
used to evaluate classifier performance.
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¢l FFE e 27|15 ofnlstH, Aol Akl
FTREE APWH o2 Yool A 2 BE AHSHTH

(Wang et al., 2022).
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Table 7. Confusion matrix-based performance indicators of
the trained DNN model.

True False Total
Accuracy - 0.9667
Precision 1 0.9375 0.9688
Recall 0.9333 1 0.9667
F1-score 0.9655 0.9677 0.9832
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Fig. 12. ROC curve and AUC (=0.9935) of trained DNN clas-
sifier evaluation.

e, o5 Foll Bdo] BR 452 SRIT 4 qlrh
ROC ZA o] WA (AUC)L 0.99358, Reo] oF
AEexet 2HFHAE FESHE o glo] B2 A

Ehdg om]eit.

£ 7ol 3h5E DNN 222 HAE glo]gA]
EoA 2 For, UL, AAE 2 Fl-scoreE E
o™, AUC 3to] 0.99352 HE o] /50| ufg 4
SkS 501k 4~ 9t} o7t A%< DNN Z2dlo] %
nIAH ] FoFR] ot Hlepx] o] opd X2 THE
Lo glof v 5 452 2HekT 9ee

b,

(9]

[e] (o]
=2 E

L L |

4.2 DNN 2 H3HS, I

DNN 2Ho] AvE sjAstar 2 Argao] A
2 71 E mtetelr] $15l Mean absolute SHAP value
£ 4FESHTE 19 132 4HE% Mean absolute SHAP
value 12| o]t} Mean absolute SHAP valuet: 3
AYHAR7E R O] || FoFA] o ol B]A]
= FoAQl dFH ] A7|E on|gith o] E Foll
o] Zu|AH2] FHoF2 & Bdches 8 8%l
0 = Bk

H|AFH 2] A A% H4=71 Mean absolute SHAP
value?} 7H o ZA|A|AR] FoFR] Y o Sof 71

2 9gee vt 7o We selnd ol

0}

7t

N

rl

o7 IstE|x| M 41 E M3 S



Deep Neural Network Z2S 0|26t RO|MHX| FUX|H 2M: MSA| Al ST 543
Feature Importance (SHAP)
Fugitive dust
Facilities of PM; 5
vulnerable groups I
Air pollutant emissions |
PM by road mobile |
g PM; s annual average
3 concentration
E High PMy, frequencies
Population aged 65
and older :I
Population aged under
4 |
PMypannual average
N concentration :I
High PM, 5 j
frequencies
0.00 0.62 0.64 0,66 OA(')S 0 III.O 0.i2 0 i4 0. i6
Mean Absolute SHAP Value
Fig. 13. Mean absolute SHAP values of 10 explanatory variables for the trained DNN.
Table 8. Predicted class and probability of PM, 5 vulnerability.
. - - Number of grids Ratio of Ratio of
Predicted class Probability range Vulnerability label (Total grids = 41557) grids (%) true grids (%)
False 0.00070.500 Low 7689 18.50 -
0.50070.900 Intermediate 7621 18.34 22.49
True 0.90070.990 High 10577 2545 31.22
0.99070.997 Very High 9570 23.03 28.25
0.99771.000 Extremely High 6100 14.68 18.01
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Fig. 14. This map shows the vulnerability of PM, 5 in Seoul
in 5 levels.
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Fig. 15. (a) Map and (b) bar graph of extremely high vulner-
ability PM, 5 in Seoul.
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