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Prediction interval forecasts of electricity price based on dynamic Bayesian networks
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Abstract: Given the high proportion of renewable energy participating in market competition, the fluctuation of
electricity price will be more severe. In order to predict the range of electricity price, a dynamic Bayesian network (DBN)
interval prediction method is proposed. In this method, the predicted data of wind power generation, total power
generation and total electricity consumption, and the real value of electricity price, are taken as input data. The network
structure of DBN is determined by a greedy search algorithm, and the network parameters of DBN are estimated by
maximum likelihood estimated (MLE). The DBN model is established. Then, with the predicted value of wind power
generation, total power generation and total electricity consumption as the reasoning evidence, the discrete value and a
posteriori probability of electricity price prediction are obtained using union tree reasoning, and the interval prediction of
electricity price is realized. Finally, the proposed method is compared with the real value of electricity price and the
comparison method to verify the effectiveness of the proposed method. The proposed method can not only get the
predicted range of electricity price, but also give the corresponding probability. This has guiding significance for
increasing the income of market members and avoiding price risk.
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Table 1 Discrete state, clustering center and coverage interval of electricity price in DK1
BEHCRS R LI(BRIT/MWh) Xof 2 X [ /(B TG/MWh) BHCRS R LLI(BRTT/MWh) Xof I8 X [/ 6 /MW h)

1 -5.68 [-6.27,-5.09] 12 32.78 [32.50,32.99]
2 0.06 [-0.05,0.12] 13 34.00 [33.53,34.32]
3 10.88 [10.55,11.10] 14 35.16 [34.59,35.93]
4 15.42 [13.75,16.43] 15 37.90 [36.88,39.01]
5 17.59 [16.88,18.13] 16 4255 [42.05,43.04]
6 21.22 [20.90,21.81] 17 44.73 [44.54,44.99]
7 27.22 [25.86,28.11] 18 50.08 [50.05,50.11]
8 29.16 [28.64,29.56] 19 56.10 [56.05,56.15]
9 29.97 [29.65,30.28] 20 69.70 [69.68,69.72]
10 30.71 [30.37,31.05] 21 72.96 [71.99,73.92]
11 31.42 [31.09,31.98] — — —
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Fig. 3 DBN structure chart
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Table 2 Discrete state, clustering center and coverage interval of electricity price in DK2

PIHCIRAS R O(BRIG/MWNh) of 82 X 18]/ 76 /MWh) BHURE F A0 (BRIG/MWh) of I8 X [8]/(FR TG/MWh)
1 -5.68 [-6.27,-5.09] 17 34.09 [33.89,34.32]
2 0.04 [-0.05,0.11] 18 34.81 [34.50,35.16]
3 10.38 [9.49,11.1] 19 35.62 [35.22,36.28]
4 13.15 [12.55,13.75] 20 37.15 [36.78,37.61]
5 15.47 [15.27,15.67] 21 39.17 [38.92,39.42]
6 16.45 [16.03,16.88] 22 4147 [41.26,41.68]
7 17.95 [17.77,18.13] 23 42.09 [42.04,42.20]
8 21.22 [20.09,21.81] 24 4321 [43.04,43.38]
9 26.28 [26.24,26.31] 25 45.04 [44.54,45.83]
10 27.99 [27.48,28.28] 26 49.49 [49.37,49.61]
11 29.08 [28.64,29.49] 27 50.08 [49.93,50.02]
12 30.01 [29.65,30.23] 28 55.95 [55.62,56.14]
13 30.65 [30.37,31.09] 29 57.70 [57.50,54.90]
14 31.79 [31.32,32.24] 30 59.99 [59.92,60.04]
15 32.74 [32.33,33.02] 31 69.70 [69.28,70.12]
16 3341 [33.27,33.52] 32 72.96 [71.99,73.92]
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Table 3 Comparison of interval prediction evaluation
index between the two methods

PICP/% PINAW/% AWD/%
[X 15, PSO- PSO- PSO-
DBN DBN DBN
KELM KELM KELM

DK1 95.83 95.83 10.27 12.02 0.42 0.64
DK2 95.83 91.67 9.13 10.03 0.77 0.83
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