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Comparison and Implementation of Optimal Time Series

Prediction Systems Using Machine Learning
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Abstract In order to effectively predict time series data, this study proposed a hybrid
prediction model that decomposes the data into trend, seasonality, and residual components
using Seasonal-Trend Decomposition on Loess, and then applies ARIMA to the trend
component, Fourier Series Regression to the seasonality component, and XGBoost to the
remaining components. In addition, performance comparison experiments including ARIMA,
XGBoost, LSTM, EMD-ARIMA, and CEEMDAN-LSTM models were conducted to evaluate the
prediction performance of each model. The experimental results show that the proposed
hybrid model outperforms the existing single models with the best performance indicator
values in MAPE(3.8%), MAAPE(3.5%), and RMSE(0.35) metrics.

Key Words : Hybrid forecasting, Seasonal-Trend Decomposition on Loess, Machine Learning,
Time series, Performance evaluation
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Fig. 1. Proposed system workflow
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Table 1. Experimental results

System MAPE MAAPE RMSFE
ARIMA 5.2% 4.8% 0.45
XGBoost 4.8% 4.4% 0.42
[ STM 4.5% 41% 0.40
EMD-ARIMA 4.2% 3.9% 0.38
1D CNN-LSTM 41% 3.9% 0.37
CEEMDAN-L STM 4.0% 3.7% 0.37
Proposed svsiem 3.8% 305% 030
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Fig. 2. Experimental results
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