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Ultra-short-term power load forecasting based on CNN-BiLSTM-Attention
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Abstract: Ultra-short-term power load forecasting is crucial for rapid response and real-time dispatch in a power system.
Accurate load forecasting ensures the safety of the power system and improves electricity efficiency. To obtain
accurate and reliable load forecasting results, a new ultra-short-term power load forecasting method based on
CNN-BIiLSTM-Attention (AC-BiLSTM) is proposed for the characteristics of nonlinear and time-series nature of grid
load data. First, a convolutional neural network (CNN) and bidirectional long and short-term memory (BiLSTM)
networks are used to extract the spatio-temporal features of the load data. The attention mechanism automatically assigns
corresponding weights to BiLSTM to distinguish the importance of different time load sequences. These can effectively
reduce the loss of historical information and highlight the information of key historical time points. Finally, the final load
prediction results are output through the fully connected layer. Taking the real load data of a certain area as an example,
the comparison between two experimental scenarios proves that the proposed method has high prediction accuracy and
can provide a reliable basis for power system planning and stable operation.
This work is supported by the Science and Technology Planning Project of Henan Province (No. 212102210226).

Key words: load forecasting; CNN; BiLSTM; attention mechanism; power system

0 3= WA VR R B bt 2 B E M. ZEXRE = T,
= o Bt b YT R 7 A7 ey e A A A0S B AL FR A ) 5 A

HL 1 RGHE AR BIRE IR AL, x5 ] S . @R BRI, A i TR, RINfR
BT RGN %4, FoatRBERER, i
HEWH: 7d 4 A0 AT 8 85 (212102210226) ; 7 RE B FREAVERGEFEIR A, E, 3®
BIRFHEAST B F) (B2021-31) ; oA B FFRE SR IIHEREE . SRALIACH 7Pk 254 A
SAFR B 8 (22A520029) fRBEREIRALE F= Y PR Y, FRAE L e L ST




fERET, %

T2 Ve Bk R R8T A, & SI2 2030 4F Fif A HE sk
IKWEAT BN 7 R EA RIS = o

Hl, W2 ENPEERAT T KEP RIS
R 3 R g 97 i IR FEE 1BS) R 34T HL g B ey TN
THEA W RIFE AT BLas 2 SRR B 25 5] = Fh
W F B T8) 5 8 v P 07 vk, |l
T T2 J5 1 (ARIMA) 812 | 33 R 7Y = % F 2
P, JRERE R IE HG R T AR IR, XUk
SRR/ N BB PO R R G B, sk, HlLes
SRRy N T B 77 A7 A TN A0 8 I8 Bl 1
KIPEHE ERI B B T e . AR LA %
SIEEAFERENLARFIY, XGBoost! 2131, Sz 4 1) &
BLEE, IXRELRIR AT DLAE 2] 97 faf 5 95 2520 (R 2R 2 [)
FIARLR e R, 122807 VEAE G Ao T A i A it
MR I RE AR, SRR 8 5 B E A R
TR, S TS P e LA K L R BRI ER

K45 111042 (Long Short-Term Memory, LSTM)
I £ DR HL B &R R BE A RE TR T 14544, REfE TR A
A A B s e S AR LR i, 7E L B T
FUIFAFEN T T 2N SCHR[15)K LSTM #h4e i 4
F L 7 S T ATk, S SR EG R B, S R
LA, LSTM AR A ELA#5 5 1R Titi 58 77 Al
R SCER[16]4 7 — T CNN #1 LSTM 1R
AR, (B TIZB A L ARIMA A5
BEMLARARABER DL S B —£E A4 1) LSTM B B o oy
HITRIRE RS o« BEE R 22 SRR R, XU KA
1225 BILSTM 1E A& St 5[] LSTM [ 2% [ S e
PEH, RHBENE 2 XA i PASAE, 3E— P 8eE T
PRSI0 R 1 . SCER[L7IIERA T BILSTM A5
TEI (8] 5 80 43 B HR 0 B 048 T LSTM A
A, wTCUR T H A O . SCRR[L8] 4 T —Fl
T CNN-BILSTM [HI4H A A= 7Y 33547 L 73 6 A 0000 5
B —ZER) I LSTM #E AR CNN-LSTM 2H A 15 7Y
AL, FrdE CNN-BILSTM R B4 4 ik .

AR, TR SINLEIE R —Fh s 2 BEIR 45 e
MU, CRIZ0 ONTE SR BRI FI L35 B
PRSI T AT, — e O B L
FH T H 73 e YO0 DA i 6 A THORS 5 . SR [19]
P T — RTINS LSTM B8, FIR{E
. RA T, R AR DU RPAS [R] 22 ) L5 6
Tf BOARFEAT 256, BOAIE T AT AT R s SCRR[20]
P — M T EE VLA CNN-LSTM-BILSTM
T A RIERS R AT, Z5%kF CNN 5
FERIHLUH S G 3R DU 10 RUR S RFIE, LSTM
5 BiLSTM $&EU A7 far 04 (B [ RFAE, S54E50 0575

FT CNN-BiLSTM-Attention Fi1 46 1 . ) £ f T30 - 109 -
AHEL, BT ARE A m] DLURE 47 M T 252 & Be YR R G )
CEWARiR T

#-F CNN-BILSTM A1 Attention HL DL,
AT F, A A B ) AR Ze MR IN FE FR R A
P —Fh¥EET CNN-BILSTM-Attention(AC-BiLSTM)
(P08 BRI ) S T 7 . o, BRI
P2% CNN W] LA R B 7 S it i AR St s
HRHIE: BILSTM JZH T H2 U7 21 38035 (1) XL ] ]
FHIE; #4 BILSTM Fail = A (RFIEAE A Attention
BLE BN, R = JIHLEY BILSTM JZ 42 HLT)
8] 45 S I A 7y AT AR B 11 X 2 DAYk
ANTUARAT B ARG TN &5 SR 520 . fefim, ALK
B g7 A AT PRI AN [F) 3 se  T sk s, S50
A URR TR 1L AT 0 LG, AN 5] £ B B0 AIE
T AR AC-BILSTM #5744 B A5 0 {7 [l ki 4
ST H, 77 87 AT TR e

1 RBIEH

1.1 SFMEMLE CNN

CNN JEIR B 5 2] U B FH ) 2 BV E 22—,
DRI H H A R A SR BRE 0, A2 HL D R G 7T 40
A R HPY, CNN 32 A 2 At Ak 2 A4 k22,
Horp B RUZ R B RUZ AT i ) B B 00 Rk
LR R ISR AN, YAk 2 B T R AR P A RFE I
AR E (S S, TRz bAE f1. CNN A
ERIINE 1 iR .

B ibfk

1 CNN &9
Fig. 1 Structure of CNN

1.2 LSTM #HZ /4%

Hochreiter 2525 B2t 1 —Flog st s 13 )
LEAK REER) LSTM #ZE 2%, LSTM J@id 5] Nigt =
T SN TRS H ] = T 2 i s ) B o R R D
BUTAIMOIRAS, e 7K EHCIZRE 1, AT MR HL
fir ik RNN BEEEVH R S HEREBIER R . LSTM @
ik 2 ST PP B ) K TRL AR S 1, 456 I 2% T DA 4
SRS S, A5 BT e B 3 F g A e PR
LSTM &5 s octn & 2 s .



-110 - LY EE X TR

2 LSTM BTshty
Fig. 2 Structure of LSTM

(1) 3 1Tk E Mt — 1 2 0 R A5 .09 o
FEBMENER, WQ)FR. B8R -1
Z I Bad 2 RS D A Uit 20 751 x© , I
H0~1 Z[AIMME, 1 RRREATEGERE, 0 RR5%
EEFMER

f(l) =o(W, «["“?,x“]+by) 1)
s FORNZIEBET RS W, b 23 ik
BITMRENRE; o AXULE sigmoid JE B& %

(2) fNT T E t B 2 F g xO FE e A4 T
RIS B ARG tanh 24t I Z0 1288 0
MIREPIRA CO . i IR A, M2
FrAMRES CO, FATTHEHE AR Q) —X(4)

FioR.
i =W, -[h"?,xV]+b) )
C® =tanh(W, -[n“?,x9]+b,) (3)
C(l) f (t) ®C(l -1) + I(I) ®C(l) (4)

Ao 1O Nt 2RSS, B xO L s cO
PIE S W, b 2 SR T TR E MR E; W,
b, 7351 20 B TR 25 B ER R A B T00; tanh W
VNS R ® MG IR
(3) it TR A S BIRAS HE F E E G R
it sigmoid JZ B S R e TR 43 IR AR 22 TR AS 7 B
e, ARG e L TIRAS AT tanh E31 S
sigmoid JZ 1% H AH I £ 214 i h ), g A h©
RN —ANREE P NE . F TS A =
X(B). RX(O6)Fmo
o = o(W, -[h“’l),x(‘)]+b0) (5)
h® =0 ®tanhC" (6)
Ao oV oMt I ZIHH TIRES: W, b, 2 AR
HE T RIS R R A e
1.3 BILSTM fH£Z M4
R WL AZ M 2 X 25 BILSTM J2 5 G L[]
LSTM KAk ki, BILSTM 454 —ANaiIa LSTM
FER—NE R LSTM 2, X ESmmbbt . 5

] LSTM 1] LA 78 43 R G g 58 7 s A5 2, b
PR B AR L A P4, T BILSTM B AT Rir 1)
FAE BN CAFT G HFIE BN, 9%
f"?aizﬁnfliﬂéfm, A RT3t — 20 5 i AL T ()

FiFE BILSTM 25 W1 3 BT o HoH, X, %y, X005, X,
Font, ~t, (i e[L~t]) AU ZIHH L B\ S8
A A LA, A,B,B,, By, B, 2 KN AH R [R5
A fEIEAH LSTM BROBUIRZS, Y,Y,, Y, Y, R
MR AR, 0,0, 0,0, REFEHPT
&G

i 2 _,v}' ()vY; JvY ey X

0) @, @, T @,

Jain) B «
LSTM o C s

@,
ilg] > A, »
LSTM o, N ,
@,
PN e

[& 3 BILSTM & MLELEH)
Fig. 3 Structure of BiLSTM memory neural network
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Table 2 Comparison model prediction errors of example 1

-J# K
B MAPE/ RMSE/ ME/ MAPE/ RMSE/  ME/
% MW MW % MW MW

CNN 5.77
BiLSTM 7.54
AC-BILSTM  4.39

47051 41630 7.18 57254 541.69
498.98 476.53 7.61 514.05 49272
32457 279.76 254 214.42 180.96

3R 2 FTLVEH: ETNES:— B 1 i 4
#, AC-BILSTM 7] MAPE #8F5 N 4.39%, #H
5 F CNN HEEURT BILSTM #5517 5l B T 1.38%-
3.15%; AC-BIiLSTM #%4 ) RMSE & 324.57 MW,
T CNN BT BILSTM 4857 43 51 FAIK T
145.94 MW, 174.41 MW; H AC-BiLSTM #&7 1]
ME KT B — 45411 CNN. BIiLSTM 7,

I — R 45 R 2R, AC-BILSTM 7Y
1] MAPE F8#553 B T 4.64%. 5.07%; RMSE
SR T 358.12 MW. 299.63 MW; ME Hik T
CNN. BIiLSTM #&7Y, SGE T Frde 7 v T vE i
FEE AR T B — 25 AL FOU AR RS 759 AR KT o
3.1.2 5 2 Aty 00 5 5 2R 43

HAH 2 PR R RSO E, TS ES 1
AH IR S8, 0h IR AR AT 1% 20— R — K B i 1)
TR, oA A 2 2 an i 7(a) FHEl 7(0) BT,
M HET DU AR SCHT 1) AC-BILSTM #1344
BRUREA, ARG SEBR AT AR,
IGUE T AC-BILSTM R RUR & 1 8 40 1 g ffir
THI A

2 PR SRRSO E, T 5 E
1 AHFE ARSI AP fE bR, SRIREs R R 3
Fi7Rs

8000 -

7000 -

B MW

6000 f

5000

4000 -

1 I S N I E— N — E—
0 2 4 6 & 10 12 14 16 18 20 22 24

Bt A2 A6 )
(b) S 2 T A G g 45
E 7 Bl 2 fafermiunizs R
Fig. 7 Load forecast results for example 2

7 3 Efjl 2 WLLARBFUNIRZE

Table 3 Comparison model prediction errors of example 2
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Fig. 8 Load forecasting results of different algorithms
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