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01 Introduction

Short-Term Residential Load Forecasting
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02 Problem Statement

71E& o|5 7|l oA
7|Z=0]| & Crst Hotol|= gHHo| HRE|RICH CHEMOZ ARIMA, Artificial Neural Network(ANN), K-Nearest

Neighbor(KNN), Extreme Learning Machine(ELM) S0| QICt. 7|& HHH2 H| MY Cf|0|E1E ME|S 4= UX| 2 E 7|74

Iy

A7t o|=M(Long-Term Dependency)2 £23| al&otA| Rt &, SR A|-Q| H|0[Ef= & 3ta et o~ UX|2H AJZt0] 22H

K[t EEIL SR 2H|0f| O]x[= HgE S=25| BHS06HA| Zettl= A7t QT

AEN=RE oH
ARIMA H|M I stz O 2=
ANN 27| &Y ot oe 2
KNN CIO|E S7F Al A LE S 7F
ELM |7t E 2 BHF O] A oHA




03 LSTM Architecture

Recurrent Neural Network (RNN)
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Structure of LSTM Cell

(D Forget Gate— O|H HH T EHQSt HHE AlX|

@ Input Gate—> ME2 HEE M%&

® Output Gate—> x| 0| =0 LRdt MEE &2

Il

Cell State— %7| 7|21(Long-Term Memory)




10

03 LSTM Architecture

Mathematical Representation of LSTM
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The LSTM based forecasting framework.
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04 Perposed Method

Forcasting Process
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05 Experimental Results
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Fig. 8. The MAPE minimisation forecast and the empirical mean forecast.
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06 Conclusion
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