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Estimation of Electrical Loads Patterns by Usage in the Urban Railway Station by RNN
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Abstract - For effective electricity consumption in urban railway station such as peak load shaving, it is important to know
each electrical load pattern by various usage. The total electricity consumption in the urban railway substation is already
measured in Korea, but the electricity consumption for each usage is not measured. The author proposed the deep learning
method to estimate the electrical load pattern for each usage in the urban railway substation with public data such as weather
data. GRU (gated recurrent unit), a variation on the LSTM (ong short-term memory), was used, which aims to solve the
vanishing gradient problem of standard a RNN (recursive neural networks). The optimal model was found and the estimation

results with that were assessed.
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72 E0] gald(deep learning)l} 2L Q12X (artificial
intelligence, Al) 7|=0] ZFGIHA AYAS BopAL ¢
2 dF 5 oy 7KK A8s Alkotal Atk Hald & RNN
(recursive neural network, TeIZAE)E HEsto] ZHEUA
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F5tg ol&58t A7t SHEACHI]. AE=QE oFo] QoA
T gy gF "o g EWE BASHALHI0], LSTMS
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2 AAZE HolHE &8&dto] dole e FEske EXloth
ol FHgtst Hid HEZA AIAE oE Sol Eo] Aoe=
RNN 7IHE ARESIth. #AIF OS2 RNN 7| & LSTMit
His=sh §Z2g 7R O st A28 JRRal = GRU
gated recurrent unit) 7|HS AE5IACH13].

2. RNNzt LSTM, GRU =&

RNN(recurrent neural network, &EHIZEHL 2YA=9)
g Al JHoE £8KA TAEQ HoOHE ghsote &
S (classification)L} &S sdlsk= 7[Ho|LE RNN2 24 01
AL EZ7IR QA HlAK QAlolL AJAIE HIOIH olF & AIAY
24 #3H EZA4lo] €851 Itk

7129 DNN(deep neural network, ASAIAEHS 2+ 7
(layer)nitt URHHIES0] =EEOILY, RNNOA= Ol 3R
o] 7+5HA Eth o]EA RNNolAE FZ(loop)E E510] A
o] Hloje7t nol gge £ 5+ A HH, 24AS(hidden
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Fig. 1 Recurrent Neural Networks
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A= FZRE 7L Atk st dxj9 ZAE sidshst 5
Qo AHE 71 HolE7t @ AR Fof Wasiis o, ol
Hidsty] g EAZE ot olgst BRE &7 9EH(long-
term dependency) EAIZkTl S

olet EAE didstrl Qs LSTM(ong short term
memory, FE7] 719 UEYI)7E AL I8 25 BF
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Fig. 2 Long Short Term Memory Networks
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Fig. 3 The Gated Recurrent Unit Networks
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TS0 YEAS0l GRUE ARESIReH, E8HolH = 0t
1 AtO|2 AstE o] Qlol, EEASES AIZLEO|=(sigmoid) S5}
BrE ARESIILL O] =RolAl= GRU AS9 o] mE &
go] & Hlusk| flsi U ASEE Foh 47071R19] GRU
ASE ZEE Q4s ZAA Fdoto] 21HE HIWsHIC

Sh50IA AESH= &4 She(loss function)= FARIH QA
(mean square error, MSE)E A58t &4 S2 AMESSIATH
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le-42 SIQICE O2]d Falid 4=9] o237t of TR Z*
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g EXtEs slelrh
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GRU & &4 % st52 o] o] ol Keras BES

¥ 1 GRU 22 ¥4 netnleel £4E
Table 1 Parameters for GRU model
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Fig. 5 Block diagram of GRU model
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go] lee & 48710, ZF Rdo] tisiA Al 71K H0]
thsh MAPEQ} 11 Bwigte wAUIRZ Fel3lon, o] 5 MAPES
ggol Fe A9 10719 HEs 7 20] Felsiytt oy '
g ZolAl MAPES Hitgto] 7Hd 22 A2E I8 HEE F
SHACh

X 2 iEHo] IE GRU RE9 45 Hla
Table 2 Comparison of GRU models according to parameters

g MAPE
Hixl | &= | =E A5 | =8 | 3& | & | B3
128 2] 128 1 9571 | 21.7111| 8.641| 13.308
64| 2| 128 1| 10275] 21.630| 8.393| 13433
128 1 64 3| 10.197| 20.148| 10.066| 13.470
64| 2 64 1] 10.129| 20.648| 10.024| 13.600
128 1 64 1] 10.5561| 21.943| 8.656| 13.717
128 2 64 3| 10.186| 21.736| 9.276| 13.732
128 1 64 2| 10.295| 22.372| 8572| 13.746
128 1] 128 1| 10123 22477| 8.982| 13.861
64| 1| 128 4| 10.032| 21.674| 10.047| 13918
128 1| 128 3| 10.063| 23.285| 8.628| 13.992
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sl AT = 2 97| Qsto] ASdolHo tist 45k
E01EX BOH 58 X7| S&(early stopping)AIZALY.
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Fig. 6 Learning curve of the proposed GRU model
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Table 3 Comparison between results by polynomial regression

and by deep learning

e kiny Eeekiss] HeldRNN)
=y 17.380 9.571
nx 25.053 21711
A7t 9.958 8.641
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o] AYoltt. RNNQ| A 71H shtQl GRU(gated recurrent
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