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Abstract

Market demand forecasting is significant in social production and improving management deci-
sions. Although current studies have focused on forecasting market demand using deep learning
models, there are high-frequency noise and complex nonlinear fluctuation patterns in the market
demand time series. These models did not have excellent ability to fit the changing patterns of
market demand and some local extremes. Therefore, DeepMDF was introduced for predicting
non-stationary and nonlinear market demand data. DeepMDF consists of two main components,
the Ensemble Empirical Mode Decomposition (EEMD) for decomposing market demand data and
the Gated Recurrent Units (GRU). EEMD can reduce the difficulty of fitting the nonlinear fluctua-
tion pattern of data by GRU. GRU can model for long-term time-series data modeling. Experiments
showed that DeepMDF had excellent performance. Compared with the baselines, the Root Mean
Square Error (RMSE) reduced by approximately 69.06% on average. Overall, DeepMDF can do the
job of forecasting market demand very well.
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Figure 1. Diagram of the GRU structure
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Figure 2. Framework of the DeepMDF model
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Figure 3. Time-series changes in market demand for the three sub-datasets (three urban functional areas)
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Figure 4. Results of EEMD processing on three sub-datasets (three urban functional areas)
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Table 1. Comparison results of models
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Figure 5. Comparison of the prediction results of DeepMDF and baselines
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Figure 6. Comparison of the prediction results of DeepMDF and GRU
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Table 2. Comparative results of ablation studies
7= 2. JHRhIR TR

THHEE 1 THRLE 2 THHELE 3

Y

MAE RMSE MAE RMSE MAE RMSE
GRU 27.15 29.78 20.06 22.54 73.39 81.92
Ours 13.18 16.02 3.22 3.76 18.65 21.50
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