U ER TR

2020 4 11

Electric Power Engineering Technology

398 Fo 104

DOI:10.12158/j.2096-3203.2020.06.015

BT R ] K I T ) 4 7 2 7 A 0 i 1

e, 23, e, 5!
(1. HPE T RREBST e B R 540 e, YT 5T 210003
2. [ FWITA B A BRA @ HTT A 310007)

i E:BWERTOBABOAREAREECHERT S MACBZEANGRITA L, TP EHEEFHRGE
& RO MR ALY, Rk — R A, 3k T AU K A BRI W 4% ( Bi-LSTM) 89 F & o R B3 & 7 45 » i A
%o B ARLEKLENITIC(LSTM) 9 kst LA T Bi-LSTM ; 3 R vA B & 51 45 Fo 2 2b B2 69 983042 8 R (4o B R KA |
RAFF)MEA Bi-LSTM $rN2 , F & R 47 09 & F B 28 50 5 #r A 2 fv B 2, *F Bi-LSTM 247901 4% 5 5 )5 VA M 45~ %
89 FF & AT M RAL S T FRALR) 69 F ¥ A 332 ZAE AR N8 AR, FRR R AV B T A AT M R RS A L 6 5

LR ATIAT

KEBIR AN A AT R RS T 5 e KR AL BT IC ) %
A

0 35

H O ) R L R S B R TR TR A
[F) 2 RE P 5 1) 67 A 5% 908, 20 A A5 T gk
R A7 114 D) 28 A8 46 A K ] ) T3 2 bR 2 1
BB Rk ST R A B S O

3 i BR R B A5 B A B T R BRI ST Y
BERHFNOCHE ,(H [ A S i A X T b e i S B
LAY T A BE TS . H AT E N A TR
Fs 55 0 1 i B 52 JRE B A A S0 A 7 T 20T e T
RAASERFE " B A RS SR ) 2 12 )
AT RISR R IT ik o AR oA I, SCRRL 13 4
T i A X A SR 1 % HL A 0 T s 5 S
FR[ 14 ]9 ) —Ff 5 - HF 58 1 48 R 1Y) 0 1 3 i
i SCHRL 15—16 ] $2 H —Fp e T st AL oAb i AR 42
AT o3 J7 ko AR, BE A B A P 2 A 1
2 BT SR R RCR G PR AR . 7ERE R
T3 T 35 AR R N T 22 I 24 3 3 g T T 4 40
fife, IS TR IRCR . SCHERL 17 ] 48 H —Fh kT
TEFF #2445 ( recurrent neural network , RNN ) 4% 75l
() S BRI BR S A A5k S B0 T oA T 07 A 1
RS R PR ESR ; SCHRL 18 ] $2 Hh — Fh e T R g
1242 (long short-term memory, LSTM ) [%] 171 faf B¥ 1R J7
255 SCHRL 19 ] 52— 5 T IR B2 7 47 R 1A 8 (1)
TR AT 333025 5 SCHR [ 20 ] 1] A 4 i) 4 %)l
RN R AT I3 s SCBR [ 21 ] 2 T IR 2 2% > (T HE
ZRR G — LT 7 2 B e 51 A ) BILI Y 1 e

T

WA B H7:2020-06-05 ;44 =) B 47 :2020-07-17
EAR A B K& WA RS AHR B (521104180024 )

X E S :2096-3203(2020) 06-0104-06

IR

R R 55 0 17 fer (IR 4R A X0 i TR O E R
T FH T A e v s W Hs S N B 2R 7 e G i )
BN - (1) Hr RS B SR T
Vg i 1) P TR A, T Bt R T i IR R JBE 114
LA U, 5 v v F T B R B 2 1 £ 0 i Sl LA
HL g 17y BT I B fer , LA iR 22 AR K, BT
PR 98 0 1 A 106, 32 B A 0 i O ST RO
X5 (2) ARHs Ty o3 fife 02 v it B T2 W, g 0 £ I
IS DR A Ak Bk I FR IR Y A8 A A 7R TP R L
SRR AL, B TR R DR B R K,
TR AR, S /DA Bk 35 B A BR R
PRI i 7 5 — o b g v, s 55 0 2k 60 7 O it
T2 R TRABE 2 07 A AR 80 e )

g b, SRR b R S R B A A
SRR, MRN8 AE 35 T AL BRAR Lok A2 B
W F4) 52 A B80S AR I A 3, it — b B 1 0w K
BsHiC 12 M #% ( bi-directional long short-term memory ,
Bi-LSTM) A4 B} 7 faf ) Ji0 70 fifp 530125 , S 45 R W
JIT &5 T LA R 53 ik e v H s S SRR 2R Y
AT

1 BROAEHRS R

1.1 Bi-LSTM #&ZY

LSTM J2& — iR ik 1A 708 3 e 22 o 2 5 200, g 4
4 v i HRTECH B 9 RNN l 7 e 510 8K
B R B IR) L, REAS 2 ) IR SC &R . S
75 LSTM [ &0l FAEE 7 —Fh Bi-LSTM 271, [ 2%
SERGINIEL 1 PR B 45— YNGR 8 A IE 1) R 15)



105 BREET 45 3T 0L A2 R 285 B 2% 67 g 40l ik

Gy 5IVEHR 2 A~ LSTM, 2 A4~ LSTM A B 37 - 1% 2 7]
—Ni 2 ARG L] LSTM R 33, Bi-LSTM Biags |
RERZHAR T AR IEME B . TERT 2N 1 B 205 ¢ B
ZVIE TR — i, 15 2 5T ORAE BB 20 1] i e % )2
(% s AR IR 2 TR A B 20 ¢ BT 2] 1 R )it —
i, B IR A B I 20 ) S B2 e . R
FEARFANI 20 45 4 1E 0] )2 F1 S 1] )2 A0 B A 20 4 H A
SRR B A, Rk R

Ht :f( WIXt + WZHt—l) (1)
Hi=f(W.X, + WiH|,,) (2)
01 :g(W4H1 + WGHi) (3)

K X, e R A H, , H_, 53518 1,0-1
IF 20 1 [ 2 %) o s (- ) S BRUE A 28 JT U0 B
B H, H 53000 o, e+ 1 B2 2 ) )2 A S 6
g( = ) N PR TS R A W, o OE ) A
N2 2 B2 DR R R Wy o B ) TSR A
2R RJZ AR R ; W, O 1E [ 35 b — i 2
ZN 2 B2 BB AR B W, Ol e SRR
— 2 ZE b — B 2] B2 ) B A R W Ol it
SRS B2 3] i U2 A AR B 5 W Oy I ] AR
B2 B 2 AR

=

FE <

BNZ

B 1 Bi-LSTM WM& LH
Fig.1 The network structure of Bi-LSTM

1.2 ETF Bi-LSTM W& Ao BEE

RELRURT S 15 R SR I T

FRRIT S« 4 BEER SURTI FEFEB X = () x,,
exp b, ARG %) 0 = {1,2,- T} W)
AL, R N ROA ) 2K 7R 4 BT (2 i A SRR 077
T A SRR B4R 2 A SRR £ 45 ) 525 T il
T oy AR U G i e {1,2,---,N} I}
BT B B I RS Y = Ly yas o b
HAF AR 2 ¢ B RRT(EL y, , T A2 -

%=ZHNVU) (4)
St o (1) S FCAR B S L % I 7

S o

PR HEINSGE {(X,,Y), (X,,7,),
o (XL Y) Y UREE RS (X0 X, X b
Hrp (X,,Y,) Re k= {1,2,,n} DUIZAEAR,

X, MR A RS, Y, = {Y,, Y, Y Y N
Tob 23 47050 68 L PR 040 A8 AL R 1 o 3 Tl 4 T
YIRS F 2 R0 M, M AT F i 4 T A —
ANXG=A{n+1,n+2,,n+m}) X%
MRS Y, = £V, Y, Y0} o

SCH TR RE LR 0040 40 7 7 ¥ 1 B AR BIF S AR
A 2 iR

@
}

YA of I8 A v S5 e i S
LA TuT“’EEPcE’JI&I\%BZiJE%,%

'
(1) ARRNZREE. BIELE
(2) HIIZ&EIZBi-LSTM
(3) FHEGAESERT YRR A B f X
T SR A R AT I

lﬁzﬁwa|——|w|ém4ﬁk—lsm‘mﬁk—li%§ﬂﬁH
1 )

TUAR WA 5 A
fbs YT’EEE H B

{
ST ﬂ%%uﬁszh\%](
LSTMP %% LR 47 A

I3 HER AT B BEE g (L
s A SR A

EES

E2 ETFB-LSTMBHEEEER
BE& AR AR ERRE
Fig.2 The flow chart of bus load identification and
decomposition analysis method based on Bi-LSTM
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Table 1 The bus load decomposition results under
different hyperparameter settings in case 1

(the averagerelative error between the de-
composition value and the target value) %
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(4%) (17%) (61%) (1%) (17%)

WBH— 790 870 852 788  88.9
WEsH— 876 884 869 8.1 89.2
WMBH= 895 90.4 92.3 88.6 90.5
MEH™ 903 91.6 94.1 89.7 91.3
WEHh 822 83.5 84.6 77.3 83.7
WEHS 834 84.8 85.0 78.4 84.1
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Table 2 The bus load decomposition results under
different hyperparameter settings in case 2
(the average relative error between the de-

composition value and the target value) %
AL IR G AR B 22

W @ A R BF
(30%) (10%) (30%) (25%) (5%)

WEH— 813 80.1 82.4 814 780
WS 826 814 853 823 792
WMEBH= 904 89.4  91.3 90.6  89.5
MWSHU 913 900 932 912 90.1
WEHH 807 79.7 81.6 80.3 77.7
WBHON 804 800 821 81.4  79.1
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Fig.3 The result of bus load decomposition identification
(comparison of decomposition value and target value)
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Table 4 Comparison of bus load decomposition
evaluation indicators under different algorithms %
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(4%) (17%) (61%) (1%) (17%)

RNN 85.4 86.2 89.3 83.5 88.1
LSTM 89.0 90.8 93.6 88.2 90.4
Bi-LSTM 90.3 91.6 94.1 89.7 91.3
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The bus load decomposition method based on bi-directional

long short-term memory model
QIAN Tiantian' , WANG Ke', XU Lizhong®, SHI Fei'
(1. China Electric Power Research Institute ( Nanjing) ,Nanjing 210003, China;
2. State Grid Zhejiang Electric Power Co., Ltd. , Hangzhou 310007, China)

Abstract ; The current research work is mainly based on the decomposition of the total load of the family house into the electrical

level load, and less research on the bus load of the high voltage level. To solve this problem, ia bus load composition

decomposition algorithm based on bi-directional long short-term memory ( Bi-LSTM ) is proposed. Firstly, Bi-LSTM is

constructed on the basis of LSTM. Secondly, bus load and its corresponding external information sources ( such as date type,

weather, et al) are used as input of Bi-LSTM after training. Finally,taking the mean relative error between the predicted value

and the target value of the building power load decomposed by the network as the evaluation index. The experimental results

show that the method can effectively identify the bus load with unknown components. Compared with the traditional recurrent

neural network and long-term and short-term memory network ,the proposed algorithm has better identification ability.

Keywords ; bus load ;load decomposition ;artificial intelligence ;deep learning ; bi-directional long short-term memory ( Bi-LSTM)
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