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Abstract

In order to make scientific and agile decision, a new short-term prediction TS_KF (Time Se-
ries-Kalman Filter) method is proposed based on the combination of time series analysis and
Kalman Filter. Aiming to improve the prediction precision and decrease the calculation complexi-
ty, a prediction model is built using Kalman filter to describe the prediction process, and the auto
regression for time series analysis is utilized to renew and optimize the state transfer matrix,
which is the key parameter for Kalman Filter. A coal production prediction test is conducted by
comparison with some typical time series prediction method, and the results show that the TS_KF
prediction method in this paper has significantly enhanced the prediction precision while keeping
the same low calculation complexity. The result gives a strong proof for the effectiveness of the
new TS_KF prediction method.
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Figure 1. Predictive model framework

B 1. FUARBIHESR

Table 1. Comparison of different prediction methods
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Figure 2. Predictive algorithm flow
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Table 2. Comparison experimental parameter setting of different prediction methods
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Table 3. A detailed list of predicted statistical data
= 3. NG BIRIERTIR

B BRI SR PSR AL T) WREH ERR (B47: T)

i ﬁfﬁ MA ES .. TS KF(Step=  MA ES .. TSKF
(B T) (k=2) (€=0.1) 5) k=2) (e=0.1) (Step = 5)

1975 526,954,000 490,688,500 473,207,506 522,911,455.8  —36,265,500 ~53,746,494 4,042,544

1976 546822000 515568000 501084551 5400131533 -31254000 457374494 6,808,847
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Table 4. Error statistics of different prediction models
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Figure 3. Comparison of forecast effect of coal yield using various predictive methods
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