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Abstract

With the changes in the production environment of domestic enterprises, lean financial manage-
ment and smart financial operation are becoming more and more important. Finding a more ef-
fective cost calculation method has become the direction for enterprises to break through the di-
lemma, which plays a very important role in enterprise development planning and strategic dep-
loyment. In this paper, a novel combination model of prophet and LSTNet is proposed for power
grid cost allocation. Firstly, the model uses the sequence decomposition model to deconstruct the
data and generate smooth sub-sequences to improve the training effect of the subsequent neural
network model. And then, the attention mechanism is added to the LSTNet neural network to
learn the long and short period pattern of the sequence, giving full play to the nonlinear advantage
of neural network model. The experimental results show that the proposed model can well predict
the non-stationary cost series with long and short periodicity.
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Figure 1. Artificial neural network model
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Figure 2. Forecast flow chart of Prophet [11]
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Figure 3. LSTNet network structure
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Figure 4. Attention structure diagram
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Figure 5. Daily cash flow chart from 2015 to 2018
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Figure 6. Decomposition diagram of sequence components
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Figure 8. Comparison chart of prediction results
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Table 2. Comparison of prediction results of this model
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A MAE WMAPE CORR
STL 14386640034 0.40 0.75
LSTM 13715179100 0.37 0.78
LSTNet 12566004012 0.35 0.83
AR 9713756181 0.26 0.88
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