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Abstract Data loss often occurs in the process of power load data collection, which adversely affects the accuracy of algorithm
prediction. The existing missing data completion algorithm is only suitable for the case with less missing data,but performs poor-
ly for the case with more missing data. Faced with the challenge of severe data loss.a method for power load missing data comple-
tion based on sparse representation is proposed. First of all, we assume that the data is randomly missing,and stitch the assumed
missing data in the training data and the complete training data to form a training matrix. Secondly,an over-complete dictionary is
generated by discrete cosine transform (DCT) ,and is learned according to the training matrix,aims to obtain a suitable dictionary
for the best sparse representations of the samples in the training matrix. Finally.in the test phase,the upper part of the learned
dictionary is used to obtain sparse representations of the missing data in the test set,and then the sparse representations and the
lower part of the learned dictionary are used to reconstruct the complete data without missing. Experimental results show that
using this method to complete missing values of power load data can achieve higher accuracy than traditional interpolation me-
thods, correlation-based KNN algorithm, spatiotemporal compressed sensing estimation algorithm and time-series compressed sen-
sing prediction algorithm. Even if the data miss rate is as high as 95% , this method can still effectively complete the missing data.

Keywords Power load,Missing data,Sparse representation,Data completion
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Table 1  Comparison of ER values between SRCM and different algorithms in Queensland data set
A2 )
ZRFEA Hermite A % M R 4 R e it E R e
Yok m K% ermite ETMHEHE )’ Tﬁ‘ B Bt ?Ei‘j # SRCM-NL  SRCM
1 1 1 #y KNN it H % T K %
5 20. 21 20. 22 20.22 10. 96 1.13 8.53 5.04 0.18
15 20.72 20.73 20.73 17.13 1. 14 8.49 8.32 1.00
25 20.75 20.76 20.76 17.28 1. 20 8.53 13.96 1. 44
35 20. 64 20. 65 20. 65 17. 48 1.26 8.80 22.93 1.53
45 20. 56 20.58 20.57 17.22 1.42 8.93 33.98 1.45
55 20.61 20. 62 20.62 17.10 2.06 8.93 49. 20 1.50
65 20. 68 20.70 20.69 17.04 5.26 9.24 61.61 1.62
75 20. 55 20. 56 20.56 17. 24 16. 15 9.42 76.34 2.03
85 20.62 20. 64 20. 64 17.28 26. 84 9.69 100 2.03
95 20.61 20.63 20.62 17.13 25.25 10.53 100 2.14
# 2 B BUR MR T SRCM 5 R ALY ER {H L3
Table 2 Comparison of ER values between SRCM and different algorithms in NSW data set
R 6D
ZRE A Hermit 3 F K TR R it E 4 R e
BkE BMEH KA ermite BT X H it Eiff Eﬂ'ﬁ\rifj‘ & SRCM-NL SRCM
Hh1E 1 # KNN (GRS o & %
5 16. 20 16. 22 16. 22 11.08 0.67 10. 08 1.15 0.11
15 16. 39 16. 44 16. 43 10. 64 0.59 9.85 7.76 0.90
25 16. 45 16. 48 16.48 10. 29 0.62 9.83 13.72 1.99
35 16. 58 16.61 16. 60 11. 38 0.70 9.92 16.73 2.78
45 16.59 16.62 16.62 10. 35 0.88 10. 14 36.12 2.16
55 16.55 16. 58 16.57 10.18 1.41 10. 23 49. 28 2.62
65 16. 45 16. 49 16. 48 10. 80 3.03 10. 22 61.45 2.17
75 16. 46 16. 49 16. 49 10. 69 9.95 10. 63 74.85 3.57
85 16. 48 16.51 16.51 10. 84 22.18 11.09 100 4.72
95 16.51 16. 54 16. 54 10. 84 22.52 12.07 100 3.98
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Table 3 Comparison of ER values between SRCM and different algorithms in Victoria data set
BT 2 %)
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45 23.20 23.22 23.21 7.20 1. 14 10. 01 37.42 3.24

55 23.30 23.32 23.31 7.09 1.78 10.01 56.91 3.20

65 23.08 23.10 23.10 7.99 3.54 10. 26 61. 44 2.83

75 23.22 23.24 23.23 7.66 11.05 11.37 75.91 3.04

85 23.17 23.20 23.19 7.77 23.38 11.09 100 4. 30

95 23.21 23.23 23.23 8.73 23.08 12.07 100 3.78
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Fig. 3 Comparison of ER values between SRCM and different

algorithms in Queensland data set
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