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Abstract: This study aims to develop a machine learning-based statistical environmental noise
prediction model for predicting and monitoring the spatial variability of noise exposure. To this end,
measured noise data collected from the S-DoT monitoring network in Seoul were combined with
surrounding urban components, including traffic, buildings, land, vegetation, and population, aggregated
across multiple buffer radius. The developed model was then applied to the entire area of Seoul to
conduct statistical environmental noise mapping and to propose its potential applications.

The results showed that the Random Forest nonlinear regression model achieved the best predictive
performance when urban component variables within a 40m buffer radius were used for 973 S-DoT
monitoring sites. Based on 5-fold cross-validation, approximately 70% of the predicted noise levels
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were within +5dB of the measured noise levels. In addition, SHAP analysis identified building density,

represented by the Ground Space Index (GSI), and land cover variables, particularly residential and

road land cover, as the most influential urban components affecting predicted noise levels. This study

demonstrates the potential for developing statistical environmental noise maps using noise monitoring

network data. The results can be used to identify areas requiring urban noise monitoring and to

support the prioritization of noise reduction and management measures.
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Figure 1. Location of S-DoT Sites
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Table 1. Regional distribution and noise levels of S-DoT monitoring sites in 2023

(unit: dB)
. Site Lyg, Lyigie
Region
() MEAN STD MIN MAX | MEAN STD MIN MAX
Commercial area 32 51.5 6.1 425 67.1 43.6 5.6 40.2 61.7
Industrial area 42 50.9 45 40.1 61.5 47.4 4.6 38.0 59.6
Main street 33 62.2 6.2 4382 715 58.8 5.7 44.8 67.5
Parks 4 60.2 54 56.0 68.1 55.7 5.7 51.6 64.2
Public facilities 6 50.0 32 46.9 56.0 45.0 34 425 51.2
Residential area 709 50.1 52 352 71.7 46.7 4.7 35.1 68.9
Roads and parks 97 60.4 7.8 38.6 71.7 56.3 7.6 35.7 67.8
Traditional markets 50 494 6.0 352 66.3 45.8 5.8 352 59.3
Table 13} Zro] &7 A3 2] 2F 73%(7097])7} A A] sroict.
o #3H BE T2 5o o] BdagETt R o7|A, L HolE= =2 J2 9 u5F &
S HolHE F2 35 7ol ok, 97188 g, 32| Ednl &S E&otgon, vy 5o
s, gL £2 239 Aoljet A2 (39S nFald, o
UASL BEASASDOTASALE S90S AT o B2 4R 1BAE 8T UL
e 7120 9% WMHE AT, Tble 29t o] = AbgsIolh
B3] Y o] otEl = TAY R4S A st 8§
Table 2. Feature variables and Seoul-wide data ranges used in 2023
Influence Domain Feature Range Geometry Source
. Day 1~5,105
Traffic volume [vehicles/h] -
Night 0.5~2,858
Korea
Da; 1~79
Direct Traffic Vehicle speed [km/h] - Y zf.(ﬁs)r Transport
Night 1~85 ! Data Base
. . Day 0~86
Heavy vehicles ratio [%] -
Night 0~90
o o . : Vector
Building Building footprint area [m’] 1~85,412 (Polygon) V-WORLD
Residential 7.2
Industrial 0.3 Envi |
Land Use Commercial 53 nv1r0nm(lelr}ta
and Land Land Cover area [%) g Vector Geograp e
Green 39.7 (Polygon) Information
Cover Service
. Road 28.5
Indirect
Others 19.0
. NDVI Raster
Vegetation (Normalized Difference Vegetation Index) -0.9-09 (Grid) GBDOP
Residential populan(:n density 2-5.806 SGIS
Ponula [persons/km?] Vector
opulation [
P Living population density Day 0.2~3,186 (Polygon) Seoul Open
[persons/km?] Night 0.2~2,154 Data Plaza

Note. GBDOP = Geo Big Data Open Platform; SGIS = Statistical Geographic Information Service.
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Figure 2. RMSE comparison of candidate nonlinear regression models by buffer radius for daytime noise prediction using
repeated cross-validation

Table 3. Best Repeated cross-validation performance of each candidate nonlinear regression model for daytime noise

prediction
Rank Buffer (m) Model mean mean mean
40 RF 0.300 5.593 4.174
2 40 GB 0.284 5.654 4212
40 ET 0.283 5.660 4221
4 40 SVR 0.249 5.790 4.168
19 40 MLP 0.122 6.232 4.616

Note: RF, ET, GB, SVR, and MLP indicate Random Forest, Extra Trees, Gradient Boosting, Support Vector Regression, and Multi-
Layer Perceptron Regressor, respectively.
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Figure 3. Observed versus OOF-predicted noise levels of the optimized Random Forest model using a 40m buffer

Table 4. Regional-type-based prediction error analysis of the optimized Random Forest model for daytime noise

(unit: dB)
Region Sites Mean noise level Mean prediction Standa;d <'1eviati0n Error exceedance rate

(n) Obs. Pred. error (Pred. - Obs.) | of prediction error > 45 >+3
Commercial area 32 515 52.7 1.2 5.6 0.25 0.50
Industrial area 42 50.9 532 2.3 4.8 0.31 0.48
Main street 33 62.2 54.4 -7.8 49 0.85 0.88
Parks 4 60.2 55.5 -4.7 6.3 0.25 0.25
Public facilities 6 50.0 51.9 1.9 2.7 0.00 0.33
Residential area 709 50.1 50.9 0.8 4.7 0.23 0.45
Roads and parks 97 60.4 55.4 -5.0 6.9 0.63 0.77
Traditional markets 50 494 50.4 0.9 5.1 0.24 0.48
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(a) SHAP feature importance and beeswarm plot

SHAP Dependence Plot: GSI (Iday)

SHAP value for
GSI

T T T T T T T T

O.IO 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
GSI

SHAP Dependence Plot: LULC_road (Iday)

SHAP value for
LULC_road
-

0.0
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(b) SHAP dependence plots for GSI and road land-cover fraction

Note: SHAP denotes SHapley Additive exPlanations. Positive SHAP values increase the predicted daytime noise level, while negative
values decrease it. Feature importance was calculated as the mean absolute SHAP value. GSI denotes Ground Space Index; LULC
denotes land use and land cover; Pop_res and Pop_living_day indicate residential and daytime living population density, respectively.

Figure 4. SHAP-based interpretation of the optimized Random Forest model for daytime noise prediction
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Figure 5. Observed versus OOF-predicted noise levels of the optimized Random Forest model using a 40m buffer
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