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A Study on the Daily Demand Forecasting of Hydrogen Charging Station
Using LSTM Model
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sriiv@kepco-enc.com Abstract >> This study analyzes one year of hydrogen sales data from an off-site

_ hydrogen charging station in South Korea to identify factors influencing sales
gz\izgzd ggifgi;?gg;fm and develop a forecasting model using long short-term memory (LSTM) model.
Accepted 15 October, 2024 The LSTM model’s performance was compared with the existing traditional time

series models, seasonal auto-regressive integrated moving average (SARIMA)
and SARIMA with exogenous factors (SARIMAX). Key factors such as the day of
the week, holidays, and weather significantly impact sales, with comparatively
higher sales observed on Fridays, weekends, holidays and clear days. The LSTM
model outperformed SARIMA and SARIMAX, effectively capturing nonlinear rela-
tionships between sales and factors. In addition, the forecasting model pro-
posed in this study showed improved performance compared to the forecasting
model proposed in previous study. Despite some limitations, this research pro-
vides valuable insights for improving operational efficiency at hydrogen charging
stations.
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Table 1. Summary of related works on hydrogen charging station and gas station’s sales forecasting

Study Forecasting for Method Features
Kurtz et al”. (2020) Hydrogen sales Poisson process -
Sun et al®. (2022) Hydrogen sales Normal distribution -
Li ion, hist ient ti
Hwang et al”. (2023) Hydrogen sales inear regression, hist gradient boosting, Weather
deep neural network
. . . Weather, dat , holiday,
Panet al'”. (2022) Gas sales BiLSTM, genetic algorithm cather, cate type, ho 1 .
temperature, sales price
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Sunetal'’. (2018) Gas sales K-means clustering, decision tree A e? ate type, holl .ay sales
price, sales promotion
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Table 2. Sales value of hydrogen charging station

Item Value
Avera\%:h?;zbgzr()(tl‘:;siting 19.2 vehicles/day

Average hydrogen sales per day 100.9 kg/day
Mamm\::;lizlt r:;: ((;:;llsltmg 35 vehicle/day

Maximum hydrogen sales per day 167 kg/day
Maximum sales of hydrogen per vehicle | 28 kg/vehicle
Total number of visiting vehicle 6,869 vehicles

Accumulate sum of hydrogen sales 36,138 kg
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Table 5. Hyperparameters of LSTM

1543

Variables Description
Number of hidden layers 2
Number of cells 50
Optimizer Adam
Loss function Mean squared error (MSE)
Epochs 50
Batch size 20
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Fig. 7. Scatter plot of embedding layer. (a) Day of week. (b) Weather class
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