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Electric Power Company, Hangzhou 310000, China)

Abstract: In this paper, we propose a new forecasting algorithm called double nonconvex regression (DNR) for the fast
forecast of electricity power data such as the outputs of production ability and operational benefit. First, we reinterpret
the typical sparse coding classification method as a regression model for forecasting, and further divide the model into
training and testing phases to fit scalar-quantity forecasts. Next, we transform the constraints of representation residuals
and coefficient regularization into a nonconvex /, norm for better approximation and broader application. Lastly, we ad-
opt the alternating direction method of multipliers algorithm to optimize the formulated forecast problem. To achieve a
fast update rule for /, norm constrained subproblems, we propose a new iterative threshold method that avoids the local
minimum issue. Compared with typical methods such as the SVM, BP neural network, and nonconvex regularization

methods, the proposed algorithm achieves surprisingly good experimental results for electricity power data.
Keywords: alternating direction method of multiplier (ADMM); forecast of electric power data; /, norm constraint; iter-
ative threshold method
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Table 1 Comparison of prediction accuracy of energy output
I8 % SVM BP NNR DNR
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
10 14.95 16.88 15.01 17.08 18.09 16.21 7.18 9.71
20 9.77 10.91 10.56 11.70 13.30 10.92 5.79 6.67
30 7.21 8.70 7.23 8.53 7.04 9.68 5.01 5.84
40 6.31 7.51 6.10 7.80 6.96 8.09 4.95 5.61
50 5.62 6.56 5.224 7.04 5.89 7.04 4.92 5.46

%2 DNR BATRE g (BT HOF BE 6 700046 2

Table 2 Predicting accuracy of energy output in different

% 3 DNR AR p {E T H AL U8 12
Table3 DNR algorithm power output prediction accur-

q of DNR algorithm acy in different p
q 0.1 0.3 0.5 0.7 0.9 1.0 p 0.1 0.3 0.5 0.7 0.9 1.0
MAE 502 480 468 470 492 492 MAE 497 476 460 456 480 492
RMSE 590 558 518 520 546  5.46 RMSE 587 543 512 510 538  5.46

32 IEEHEHN
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Table 4 Partial training sample data set

I i) B BE™ J ek SN Uil B PR O T RUR A28 )
2013/12/1 8.05 21624251160 735383.013 5 14.69
2013/11/1 6.77 1947 716.502 0 1168359.916 0 13.74
2013/10/1 6.23 1632 149.723 0 1120 286.637 0 12.54
2013/9/1 5.92 1627 894.927 0 870 841.852 8 11.35
2013/8/1 5.32 1357263.5790 704 199.691 1 10.11
2013/7/1 4.47 1 140 268.459 0 791 858.709 1 8.50
2013/6/1 3.75 1015 995.566 0 701 248.501 6 0.13
2013/5/1 2.90 811 738.916 7 862 714.700 0 0.12
2013/4/1 2.36 611711.3354 781078.839 1 0.13
2013/3/1 1.64 425317398 7 994 395.365 0 0.11
2013/2/1 1.15 328 205.746 8 799 377916 8 0.08
2013/1/1 0.73 161 987.012 5 697 097.046 9 0.07
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Fig.3 Comparison of the fitting effect of DNR on training
samples and the prediction effect of test samples
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fitting effect by SVM
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% 5 DNR.SVM.BP 7l NNR 7£i& E £ #& fh fy B 3¢ Lk

Table 5 Predictive comparison of DNR, SVM, BP and NNR
in operational data

) MAE RMSE T
Ik — —— — iafTil)/s
gk Wk g MK
DNR 0.082 0.103 020 0.20 0.017
SVM  0.196 0287 029 036 0.86
BP 0.104 0.182 021 0.30 0.94
NNR  0.159 0203 028 0.32 0.89
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