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Abstract

In this paper, the LSTM models were used to predict weekly loads. The LSTM models were constructed by
subdividing the model according to whether it was Unidirectional LSTM or Bidirectional LSTM or single-layer LSTM
or stacked LSTM. The input variables reflect various weather factors, Calendar factors, and lagged terms that affect
weekly loads. The out of sample forecasts periods were the most important winter season (January) and summer
season (August) in the weekly forecasts. Therefore, weekly forecasts were made for January and August 2018 and
January and August 2019, respectively. The MLP model was established as the benchmark model to verify the
predictive power of the LSTM models deployed. The result shows that LSTM models are more predictive
performance than MLP model in 2018 and 2019 on average.
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2018 193 8] FHAZA 7 £2 4= 29 FAE F /M W& MAPEE 7153 239
A5 JePd Z1& STBLSTMS! Ao yehdth 53 2 44X golnh mrzkA g 18 6 ~
HdH o2 MAPE #tol 3.80%%1 Aoz yeht 7} g 7 247 20199 193 20199 89 FAE
AR oA8e RAFAT T FEE ARE 5 M 3 MAPES 715@ mde o34 o
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Table 4. Result of out of sample forecast(2018, MAPE)
Week Period SL-ULSTM| SL-BLSTM | ST-ULSTM | ST-BLSTM MLP
1st week of January 2018 |January 7 - January 13 428 366 303 3.59 2.17
2nd week of January 2018 | January 14 - January 20 226 261 292 2.38 282
3rd week of January 2018 |January 21 - January 27 393 407 344 369 594
4th week of January 2018 |January 28 - February 3 424 496 403 464 6.10
1st week of August 2018 | August 5 - August 11 390 3.15 3.76 2.21 421
2nd week of August 2018 | August 12 - August 18 6.04 6.15 6.40 585 429
3rd week of August 2018 |August 19 - August 25 2.69 2.89 2.1 250 208
4th week of August 2018 | August 26 - September 1 413 457 564 551 479
Average 393 4.01 392 3.80 4.05
) SL-ULSTM, SL-BLSTM, ST-ULSTM, ST-BLSTM2 2zt chdbek BHE |LSTM, FdbeF thE LSTM, THEbeF Stacked
LSTM, 2Fd+e Stacked LSTM= 2l
F ot Fe d ~ EEJ|IECE ©
F) 2N S A= ZH F YR MAPET JHE W2 2ge oo
E 5 20194 28 m&2e o5Znt
Table 5. Result of out of sample forecast(2019, MAPE)
Week Period SL-ULSTM | SL-BLSTM | ST-ULSTM | ST-BLSTM MLP
1st week of January 2019 |January 6 - January 12 238 203 1.87 1.91 334
2nd week of January 2019 | January 13 - January 19 204 1.89 1.78 222 397
3rd week of January 2019 |January 20 - January 26 232 220 1.86 1.86 3.81
4th week of January 2019 | January 27 - February 2 3.70 465 415 420 478
1st week of August 2019 | August 4 - August 10 423 528 561 564 297
2nd week of August 2019 | August 11 - August 17 596 439 367 360 596
3rd week of August 2019 | August 18 - August 24 532 555 455 278 193
4th week of August 2019 | August 25 - August 31 3.06 247 255 246 344
Average 363 3.56 3.26 3.08 3.78
F) SL-ULSTM, SL-BLSTM, ST-ULSTM, ST-BLSTM2 Zt2} chdbst ohE | STM, 2karst th5 L STM, THEFeF Stacked

LSTM, %’“E‘J%’“ Stacked LSTMZ 2fo|&t
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