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[Abstract]

Half of the world's total population lives in cities, continuous urbanization is progressing, and the urban population is expected to exceed
two-thirds of the total population by 2050. To resolve this phenomenon, the Korean government is focusing on building a new urban air
mobility (UAM) industrial ecosystem. Airlines are also part of the UAM industry ecosystem and are preparing to improve efficiency in safe
operations, passenger safety, aircraft operation efficiency, and punctuality. This study performs demand forecasting using time series data
on the number of daily passengers on Korean Air's Gimpo to Jeju route from 2019 to 2023. For this purpose, statistical and machine
learning models such as SARIMA, Prophet, CatBoost, and Random Forest are applied. Methods for effectively capturing passenger
demand patterns were evaluated through various models, and the machine learning-based Random Forest model showed the best prediction
results. The research results will present an optimal model for accurate demand forecasting in the aviation industry and provide basic

information needed for operational planning and resource allocation.
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E 1. NAY Mol 74 2%
Table 1. Time series data component.

Component Description

Long—term fluctuation factors that affect
time series data due to changes in
population, inflation or deflation, etc.

Mid—-term  fluctuation  factors, which
typically cycle with a cycle of 2 to 10 years,
are grouped and analyzed as trend factors
when the data observation period is not
long.

Fluctuation factors that occur on a
one-year cycle, corresponding to relatively
short-term fluctuations compared to trends
or cycles

This refers to error variation that is difficult
to measure and predict, that is, remaining
variation that cannot be explained by the
three factors above.

Trend Factor

Cycle Factor

Seasonal Factor

Irregular Factor

Long term
movement (Trend)
Seasonality

Short term
movement

Time Series
elements

Irregular
fluctuation factors

a8 1. AA L Hlole FMHe4 7] 2
Fig. 1. Relationships between time series data
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Fig. 2. Daily passenger count data after performing raw
data preprocessing.
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