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Short-term power load forecasting using recurrent neural network with restricted Boltzmann machine
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Abstract: The importance of short-term power load forecasting continues to improve with the development of power
enterprises. Although the traditional load forecast has been developed relatively mature, the load forecast accuracy
requirements gradually increase now. To meet the development needs, existing methods should be improved or new
methods of prediction should be established. This paper analyzes the periodic load forecasting and periodic characteristics
of load forecasting data. It also combines recursive neural networks with Limited Boltzmann machine's strong
unsupervised learning ability in analyzing the unique advantages of time series data. The network principle and training
process of the combination are described and the electric load data are predicted by experiment. The experiment compares
the accuracy of the network and other networks in short-term load forecasting. The results show that the neural network
proposed in this paper is more accurate than other networks in the power short-term load prediction experiment.
This work is supported by National Natural Science Foundation of China (No. 51677072).

Key words: power load forecasting; recurrent neural network; restricted Boltzmann machine; time series

0 3|5

PERF 4 HL 0 AR G0 Sy LI R T4 3 AN E R
HUBLALR SR 45, KL K R LA A e Ve 6 22 ] )
HE PRG£S 285 e i A S R e 1) Tl A 18
S5 o IR g A SN 2 TSR T R SR LA I

ELWE: BRXARKRMFALAE F8(51677072)

TREJURIGAT, e RIS RS
LA AL, 7l 3 5% LR 2 R (8] R DR AT
QIS EE kS JEPNTE

WS PN VEA IR, BT G R 5
BRARG. BIADIHESET % KORG TR
FIARZ S N 1 (R S5 E AR TR W i, STRR[17%
XA T DA S B K VR e, IR B I
(R JERE PRI DR ZE FEAG (RS ARAT L8 S K 55 <



_84- LS SRR

SRR 2 1A 6 R AN Sk o 300 3 S g ) 2 B
HA g B A B0 A e A B AR AR AL, AT AT AT R
PESE IS I, WFES PRI R, ©X
FRGE T 15 2 A AR 4 H ) B A B DA R AT
KA IS FREE, HEEAUR A H A
Gy B 304 T Tk P . SCRR[2 1 R ) 4% 5 i [A]
FROIL, BRI SRR R R BRSO U
LR RGO TR AN TN ASHERG 15 R (b . 1K
FoOTEBARCAHER| T 2 M N R, B, &
FE DL KBRS, AR HeAth DR 54T AR AN 1T 20 Ml 23 5
Wi FEL g A7 A o [T 0 R P B A 87 SR I BOER e v
R e B 2 MG R, 8 Ta Myl ik, H
SR T R B %, IR B A Al P i 1Y)
[ YA 53 A7 %55 HL ) 28 496 0 A 5 06 A T T

T SEEESRATL 3 27 2 10 7 VA6 ¥ 7 R G0 9 A TR0
S R BOR T, B SRR = HLSVM). A
AR W 2% IR B 27 2 7 1 SVML R TIN5 70 42
HRA IS 0] Fe 5 B, o — AN ARk AW s A
2% V1) P 5 0 ke S ) vy 4 2 1) - 7 o o 2 1) 3R AT 40
7%, i@ ri N S A 2 M CR, SCHEk[3]
FIFH AL o SVM AT T4k, IR AT X
DR, 5 . ARGl W T X 4% 2
RN, AL AN R H SRR I, A
P IR ol 28 O 4% A7 7 B (1) Jmy BR 1 o SCHR[4-101F)
N A ) 4% AR 5 A V7 11 7 Ay 25 e o R FH st A
SE . REAR KB DL R s D AR £ A T 4
TIERAR Gl 28 W 25 AT o5, S il T JEAH A
&, BARLE HJ) S fur B 0O 2 A o AN R R
IR JE 5 2] J7 1R DR S B AT B o I R ik B g D) 7
WA R ok, e 8 i b 2 )2 E T T
FEGE A N 4% 5 BN SR i B DL A ) A, AL PRIV P
ORI WRIERZ IR RZZ 2 LN RS
RZ 04710 R i X 4845, Bt 9 245 J2 B 1
Tns TR % E5 s TRV REAE TRl i T A 380 T AH . 1)
B0, AEFHR I ZRI TR . N R RER)
T3 LR L i 258 28 W, g A7 Aap o 16 85 T3 Mg AL 7~ LA
S AL PRI IR 22, g A7 far P 2 rh - DR ) v
PR s, B E A N T S T

I B 20 T v vy LA - 0 DA R K
TR o AR A5 YOOI ESCH P AN TR AR 1E S ] gl AT
IR, FBEEhA% . SCHR[ 183 i #y i AN [ B ) XS )
ZYEEE T, AR T IO RS . i B
P IR 28 TR R S s AT DI 2 1 I 6% (1) HH ARt 7 ot
22 W 28 FAT A0, BEE A6 1) 3 20 s ik

ATIM, 41 RNN. Elman 125 B 45019185

BERSIUAT T RN VAR A AL, ASCE G52 R
PR 22 2 MU 98K I Je B 27 2 e ) 55 3 A e e Y
ZXAE A PRI 1)y 900 T AR D 3, 3 HE R A ol
W2 AR 25 5 1) VR AT R Y A A T o 3% VARE RT
B 32 PR R 2% S TR L ) G Bt v ks ik 3L
AT DUAR G- g 338 U A0 28 ) 2 AT, o LT
YL S T, B T AR A I ROR .

1 SEEZRERZESHAETHZWER
I8 K 25 #

1.1 BUR S R W& LS

HA g A A 0 A — A TR e ) 5, H R AT
SN, S22 AR BURSE 2 77 T 520 .
0 T AR A ) A S IR, B AT DAAR 4 Rt
AR (P ) P 51 s o3 BOAR BE, - SOnT DUR B Hi A 42
B BOAR RAAE, SRR aT LS i g 2% (13847 2%
B, AR LR R IR PR, e
T35 Aar B S L R 0 o A, A SCR A3 A
25 W 2% (Recurrent Neural Network, RNN) [/ 25 #4) i 1
T M AR I () P AR AR, 456 2 IRBUR 222 0L
(Restricted Boltzmann Machines, RBM) " 42 J& ] Py
AR, AFE R R A, KA AR
ESORAE Al

2 BRI IR 22 2 B —Moc B st 28 R BE AL
ZMst, JRNIGIER, JEAAEE. BT IR
KT B 2687, P i 2 1R S AR b e 4
AhFE, W R A H A R B R AE . DR W]l I RBM
PRI 2] JE I R R AE AT SE G ek H
Y, J7AEERE R TR o

EFRPLE D04 24 4% 22 J B SR 4% D 45 18] — ol L5 oo
4%, %A JZ(input layer). B )2 (hidden layer).
i 2 (output layer) 21 i, H B2 2518 88 N —
ZIBE5 )25, BT IS R) e 9 B s AN S A R, g
IR 285 (1) 2 At AT AAR G b 4 42 B 8] 7 27 5040 1 1Y
7%, DRI B PR oA e it %, BIEC(D)

h = (W, +Uh,,) (1)

Aorfs b BT RS c R ANEIE v, s W
BUE: U R B ASHRE o

G546 2 RIBUR 22 2 LI VA Bh 28 9 24 P PR3 1)
52 PRI IR 2% 2 A L(RBM) A — A 5L 22 1) 36 1 1 28 Y 4%
(RNN) )36 1 =40 e, N E7F )2 (context layer),
PR 2 ] DU R & B 0, s gkA7 5
GFRTN, LAk 1 PR



i

A

o S BRI BUR BRI 20 9 46 v ) FR G0 R A T - 85 -

Output layer OO O
4

A

Hidden layer OO ‘... O
Input layer OO O

B 1 MEEHE
Fig. 1 Structure of network

B A5t IE] % AE RBML ¥ 2% 1) Bl J23 62 B, 47 5 il
o b I 2 2 e R AT I R 25
TR, AT ICRE 9 2 A I ) Jre A5 21 A 2
PR

Context layer

2 4% R 8] R FF

Fig. 2 Expansion diagram of network time

B b 2678 RBM RS IR0 IR S 508
WM h s bR 2 S AR S B, W RoR
RBM M £ 4\ 2 2B 2 BUE, W BRI 2
Ay B B EA S BUE, W RoR B E S E
N LR R AR, Was s LR R
A3 RBM [WB 2 2 R4 N2 1AUE »
1.2 2%
W25 IR TR 250 1) 8 NS48, 439l
K Wi Was Wis Wi Ws5 DNPIZEUE DL 2517
SAME S H bR ILE T SR E) . bu(R SR A
(W) b, (5521 mif E)(E 2t 8 M550,
T 56 T B B A R b v Ak B F1)(0,1) Y
(%t 5 X Q)R .
¥ =230 i=1,23,--, N} )
I3 3k BE AL eA B BE ML R 25T LA AU W —Ws,
RIGHA G5 A
WO = oWy + W™ +b,) 3)
e ¢ AIE: o b sigmoid PR
ok @) MG AR 2] by 1 by

b,g” =b, + WJ;“’” 4)

b =b, +Wh" (5)

SRIGHEAT RBM 7% 2], RBM 14 —Ff BEHLIM

2%, IR AT AU RE R AL, LT RAT R B
R EUE O (6T

E(v,h|0)=zn:al.vl. —ibjhj —Z":iv[wl_jhj 6)

i=1 j=I
Rt 0={w,a.b) w, AT ILET A 1 S
WA 2R, o AT LRGE, b, MBI
o A MR A3 B8 20 () B 7«

e—E(v,h\H)
p(v.h|0)= 70) ™
Kb, Z0) Aoarieeksl, wmaE@)in.
Z(@)=) et (8)

HIT RBM [ 05 1, a5 J2 44 2 1
IR A T (1, TSR N A R
ERE S 3R(9).

p(h, =1|v,0)=c(b; + Y W,v,) 9)
551 ANAT LT RS R )4 K (10),
pOv, =11h,0)=0(a,+ ) . W,h) (10)

T HREHN RS0, WFEER KL RBM
TEMNZRAE LI BUBSR B 2L 3K log PO | 0) KT 6
S, BRI,

dlog P(v|0) _ ZT: O-EM",h|0))
06 p= 06
;6( E((:éh 10))

AL RBM A2 42 3R T3 060 ) 4%
HEAT ISR, B 5t & ¥k gibbs SKFEM 0-1 1k )5 %L
P x©, FeAr Ky RBM (1) 0] W24 AN B i (12) s .

v =00 i=1,2,3,---, N} (12)

MIHYE RBM e A, MZHHHEEEL
A A (13).

F(v)==b/v—> log(l+e"™), (13)

R4 RBM AR AT R £, A S 4511
A R BN AT LS B (14),

—F(v)

an

(14

SR JE A 7 HiE SGD (Stochastic Gradient Descent)
SERHAFAS 23 SRR S (RIRT 0 Skl ), SRR
HAEANSERIE

p(v) =



- 86 - R R R

2 HEZRBRESHIABEIHZMLEE
1 Gater T R B

2.1 I GREFARHTEERL

FH T F g Aoy B0 52 22 T 1 ) s e HAS o] Bes
H——Z AN, WIFEEE B IRE
s, SRl K SCERIEI, AR ) S B s 1
MK, A R R AR A 2 11
B

S 52 BRI R 25 2 LI Joh U Ao 2 19X &% H g
TR 2 AR 4 A3 199 P T B B 2 R AR
P, L X 8 TR FS — % F g e B
2.2 MLERIEN RS

KRB TR, W T B R
T4 W RKAEAEATR, . B W, T
WG R 0.2, 0.4, 0.6 0.8, RJa kA Bdiidttr
FRUEALALER, A —2) 0-1 2 [H],

P9 28 TR B N 2 1 R N B R i 2 i s
Syt 3 s

00:30 24:00

00:30 2400 G R RS
3 M AT TR AR Y

Fig. 3 Load forecasting model of network

Horp R 2 (context layer) A £E R, K
N [) 2 73 24 ) Z0) A7 qu PO AR, AL RN il s
Rdp e ARl , RGN KA )G 0 .
2.3 QTSR

B A O 5 v SE I RE R

(1) R AE S SRR AR 5, 05 Ps dE AT A v
ARALTE, IR 2 R YR AR 4

(2) FELHE T 52 BRI 7K 22 2 WL 1 28 9 246 A7 A
THAR Y 5

(3) i FH N SR EEH e X 9 28 1647 Y 2, FFa 3 K
T S50 R B AH OB A ) U 2k Ik % (epochs) Fll A 3]

(4) 5 NSRS 2t o0 . T E 2545 il ZRix
O 27 3] TN 2 P 245

(5) A3 P I A s 7 p T el AR A
2K

3 KBRS

AR python g 5 W4, 1926 3 A I A=
A A, IR AR U R T B I 2k 14 2% 2
o, AFB B UBUE S B, SRS AR B R H
W — R AT IR S AR e — R I 2 il JF
AT A

AR SCAL T et R B R R P 38 1T 1998 4%
AR TR, A ORI K BT R
IR RATEAG, F R 1 PR,

F1 BERABRGETEEERAAMV)

Table 1 Household electricity load data (unit MV)
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Table 2 Training epochs and learning rate
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Table 3 Comparison of experimental results
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