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Mid-long term load forecasting based on Markov chain screening combination forecasting models
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Abstract: It is important to choose the right model according to the trend of the historical data in the process of load
forecast model combination. And then, a method is chosen to assign weights according to the features of the models. Even
forecast models meet the requirements of the grey correlation degree, the forecast results still have large differences. To
solve the question, this paper, according to the feature that the growth rate of load data is non-aftereffect property of
Markov chain, and by analyzing the growth rate of load data, uses Markov chain to divide intervals and screens two kinds
from the models which have met the accuracy requirement, and adopts the method of variance- covariance to assign

weights. Using this method of screening not only can accurately choose the models for combination forecast, but also has

a high precision.
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Table 1 Historical data and the data of each model
GW-h
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2003 692.04 591.84 8.12 607.89

2004  884.76 737.77 461.47 749.95 813.52

2005  954.84 919.77 914.82 925.19 1013.5

2006 111252 114656 1368.17 114139  1039.76  1116.90
2007 1436.64 1429.15 1821.52 1408.11 1255.07 1204.50
2008 1419.12  1781.55 2274.87 1737.15 1725.16  1635.93
2009 1997.28 2220.83 2782.22 2143.09 1464.66 1657.83
2010 283036 2768.43 318157 2643.88 24659  2128.68
2011  4318.68 3451.06 3634.92 3261.69 3595.85 3472.25
2012 4107.56  4302.00 4088.27 4023.88 5666.14  5315.57
2013 527002 536277 4541.62 4964.17 42154  5171.02
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Table 2 Grey relational degree of each models
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Table 3 Results of 2014 load forecasting from the five models
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Table 4 Growth rate between every two points of the

historical load data
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Table 5 Initial probability of each state
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Table 6 Comparison of results between direct combination

forecast and after screening combination forecast
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