/—J J. Korea Water Resour. Assoc. Vol. 54, No. 12 (2021), pp. 1255-1263 pISSN 1226-6280
@ doi: 10.3741/JKWRA.2021.54.12.1255 eISSN 2287-6138

Developing a regional fog prediction model using tree-based machine-learning
techniques and automated visibility observations

Kim, Daeha®*

*Assistant Professor, Department of Civil Engineering, Jeonbuk National University, Jeonju, Korea

Paper number: 21-072
Received: 23 September 2021; Revised: 1 November 2021; Accepted: 1 November 2021

Abstract

While it could become an alternative water resource, fog could undermine traffic safety and operational performance of infrastructures.
To reduce such adverse impacts, it is necessary to have spatially continuous fog risk information. In this work, tree-based
machine-learning models were developed in order to quantify fog risks with routine meteorological observations alone. The Extreme
Gradient Boosting (XGB), Light Gradient Boosting (LGB), and Random Forests (RF) were chosen for the regional fog models using
operational weather and visibility observations within the Jeollabuk-do province. Results showed that RF seemed to show the most
robust performance to categorize between fog and non-fog situations during the training and evaluation period 0of 2017-2019. While the
LGB performed better than in predicting fog occurrences than the others, its false alarm ratio was the highest (0.695) among the three
models. The predictability of the three models considerably declined when applying them for an independent period of 2020, potentially
due to the distinctively enhanced air quality in the year under the global lockdown. Nonetheless, even in 2020, the three models were
all able to produce fog risk information consistent with the spatial variation of observed fog occurrences. This work suggests that the
tree-based machine learning models could be used as tools to find locations with relatively high fog risks.
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Fig. 1. The locations of the meteorological stations and mean annual
foggy days for 2017-2020. The foggy days are defined as days
with at least a single hourly record of visibility < 1 km. The
numbers in the parentheses are the station identifiers of the
Korea Meteorological Administration
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Fig. 2. (a) Monthly mean occurrences of foggy days, and (b) diurnal variations of fog occurrences at each stations during 2016-2020
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Fig. 3. True skill scores (POD minus POFD) at each station by (a) XGB, (b) LGB, and (c) RF

Table 2. Relative importance of predictors to fog occurrence forecasts for each model measured by information gain

- Important predictors (Percentage of importance)
XGB LGB RF
1 Relative humidity (50.8) Relative humidity (52.3) Relative humidity (32.5)
2 Air temperature (11.6) Air temperature (11.6) Air temperature (10.5)
3 Sunshine hours (7.0) Sunshine hours (7.2) Hour (9.8)
4 Atmospheric pressure (5.5) Surface-air temp. diff. (5.2) Sunshine hours (7.2)
5 Surface-air temp. diff. (5.4) Atmospheric pressure (4.5) Wind speed (7.0)
6 Elevation (3.6) Elevation (4.4) Surface-air temp. diff. (6.4)
7 5-hour temp. change (3.6) 5-hour temp. change (2.9) Atmospheric pressure (5.2)
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Table 3. Performance evaluation of fog predictions by XGB, LGB, and RF models for the year of 2020
Confusion Matrix Comp. (%)
BIAS POD FAR PC POFD TSS
a b c d
XGB 97.33 1.22 0.92 0.54 1.204 0.368 0.694 0.979 0.012 0.356
LGB 94.30 4.25 0.61 0.84 3.500 0.580 0.834 0.951 0.043 0.537
RF 97.76 0.79 1.06 0.39 0.812 0.271 0.666 0.982 0.008 0.263
(a)
& Fog Probablh(y& Fog Probability }96) Fog p'““”'y?&

Fig. 4. Fog occurrence probabilities at each stations predicted by the (a) XGB, (b) LGB, and (c) RF
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