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A Multilayer Perceptron—-Based Electric Load Forecasting Scheme via
Effective Recovering Missing Data

Jihoon Moon" - Sungwoo Park™ - Eenjun Hwang™

ABSTRACT

Accurate electric load forecasting is very important in the efficient operation of the smart grid. Recently, due to the development of IT
technology, many works for constructing accurate forecasting models have been developed based on big data processing using artificial
intelligence techniques. These forecasting models usually utilize external factors such as temperature, humidity and historical electric load
as independent variables. However, due to diverse internal and external factors, historical electrical load contains many missing data, which
makes it very difficult to construct an accurate forecasting model. To solve this problem, in this paper, we propose a random forest-based
missing data recovery scheme and construct an electric load forecasting model based on multilayer perceptron using the estimated values
of missing data and external factors. We demonstrate the performance of our proposed scheme via various experiments.
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Fig. 1. Our Framework for Short-Term Load Forecasting
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Table 1. Season & Time-Period Classification

Classification March ~ October November ~ February

Off-peak 23:00 ~ 09:00 23:00 ~ 09:00
09:00 ~ 10:00 09:00 ~ 10:00

Mid-peak 12:00 ~ 13:00 12:00 ~ 17:00
17:00 ~ 23:00 20:00 ~ 22:00

10:00 ~ 12:00 10:00 ~ 1200

On-peak 13:00 ~ 17:00 17:00 ~ 20:00
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MLP+= FFNN(Feed-Forward Neural Network) 7% %
shitolm, YT, 2HF, FHUTOE F I AFeE +
AEo} gtk H 270 o]4ke] Hidden Layer® 743 MLP7}
T2 74 5 7R dge JEeaE oSS, 2, 7).
B =24 AHEdE MLPO -%3= Fig. 294 2t X+=

AYra 2 AR et 9% a0 ojua, Y
o5 A AP dSgholth MLP 71wke] AFe o
% wag P45 AaAE o X Rag nescl @
oo EYeR eYFe) 4 eYFd ¥E wxe 4 2
A3} g<=(Activation Function) 5°] Slth
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Fig. 2. Architecture of Multilayer Perceptron for Our (13)

Forecasting Model
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Table 3. 10-Fold Cross Validation
Algorithm RMSE (kWh) MAE (kWh)
Random Forest 5.308 2767
(auto)
Random Forest 6.975 3911
(sqrt)
Random Forest 6.832 3807
(log2)
Support Vector 10.686 6115
Regression
Artificial Neural
Network 9.980 6.534
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Fig. 3. Feature Importances in Random Forest
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Table 4. Split Data into Training and Test Set

Data set Period (Day) WIEHEET @1 Missing value
tuples
2015. 01. 04 ~
Training set 2016. 01. 03 17,033 487
(365)
2016. 01. 04 ~
Test set 2016. 12. 31 17,279 145
(363)
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Fig. 4. Recovering Missing Values Using the Random Forest
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B% 008 RSl A% Rug PASL A% Y5< W th olE Fig 4% 2ol, A7) AZA0 2HAAL W, A
7kttt Linear Interpolation& 223 dlo]E o] o]} o] & g7 dEe dds g oR wgste] A %
Aeradgel A8 WS olgdlel, A% HolHE ne  Hol i wde) dd wiw PAHY) e 0ol 4%
@eh aEste] X wRolq Ak Ay LAAE el A HIPHOR RO gut Hg dud dF 29e 73%
450 34 RU9 B 4342 wow doR % 4 4 AT
b9 Waath A9 A3E Table 59 epiiglon, oA
2 ARt 7o g A5 BH$ HEY gS g 54 7|1H & 3 M3 oiteto| of £ M3 H|W
A% AAAL s wP eHBe AL Ao B OERe Ak Rde 9 JlEHEe] wAaY 84

Table 5. RMSE(MAE) Results with Multilayer Perceptron
Case Number @ Original Zero Linear interpolation Random forest
hidden layers
1 18211 (10.619) 12.414 (7.503) 12.186 (7.077) 11.639 (6.818)
Case 1 2 19.031 (11.088) 12.288 (7.180) 11.965 (6.884) 11.626 (6.793)
3 18.325 (10.501) 12.139 (7.126) 12.134 (6.625) 11.510 (6.936)
4 18272 (10.187) 12.255 (7.201) 11.934 (6.757) 11.651 (6.599)
1 11.356 (7.234) 7.009 (4.519) 7.371 (4.628) 7.094 (4.507)
Case 2 2 11.870 (7.715) 7.737 (4.993) 7.207 (4.469) 6.920 (4.530)
3 11.683 (7.239) 7.603 (4.881) 7.235 (4.534) 6.695 (4.246)
4 11.096 (6.648) 7.750 (4.849) 7.333 (4.589) 7.141 (4.376)
1 18.149 (11.397) 22.324 (12.585) 22.674 (12.443) 11.827 (6.680)
Case 3 2 18921 (12.169) 21.291 (11.543) 21.982 (11.954) 10.926 (6.664)
3 18.684 (11.475) 20.138 (10.573) 23.104 (12.025) 11.261 (6.604)
4 17.897 (11.164) 21.877 (11.315) 22.184 (11.562) 8.903 (5.772)
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Table 6. RMSE(MAE) Distribution for Each Model

Model Original Zero Linear interpolation Random forest
SVR 21.874 (13.536) 15.338 (9.470) 14.140 (8.372) 13.446 (7.915)
RF 19.535 (11.439) 12.938 (7.664) 12.780 (7.889) 12.462 (7.422)
SVR [14] 21593 (13.435) - - -
ANN [14] 19.325 (11.556) - - -
ANN [15] 19.423 (11.982) - - -
Proposed model 18272 (10.187) 12.255 (7.201) 11.934 (6.757) 11.651 (6.599)

Electric Load (kWh)

0 T T
, Dec, 2016 2, Dec, 2016 3, Dec, 2016 4, Dec, 2016
Date

[

— Actual Load « Original e~ Zero —- Linear Interpolation - OurMethodJ

Fig. 5. Short-Term Electric Load Forecasting
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