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Short-term load forecasting model based on feature optimization
strategy and DLSTMs-FCN
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Meng Jinxin

Abstract: The short-term load [orecasting model using long short-term memory(LL.STM) network has the problem of
feature redundancy and loss of important information. In order to solve these problems, a short-term load forecasting
method based on feature selection strategy and DLSTMs-FCN is proposed. Firstly, the feature optimization strategy
based on extreme gradient boosting(Xgboost) is adopted to improve the feature redundancy problem of load prediction
input. Secondly, DLSTMs are used to extract the time series features of load data, and the high-resolution information
is extracted through the multi-dimensional convolution operation of FCN and structural [eatures. The purpose is to
enhance the learning and memory of important features of input data, and then form an efficient and accurate short-
term load forecasting model in parallel, The experimental results show that compared with ALSTMs and CNN-
LSTMs, the prediction error of the optimization method in this paper decreases by 6% and 4% respectively, and the
prediction error fluctuation decreases by 4. 7% and 4. 8% respectively.
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%4 (long short-term memory, LSTM) Jy48 35 () 1§ 3 ) &
[% 4% (recurrent neural network, RNN) & {8 £, 4 i) it Fp %%
WML e S BT h Z B E . SCIRCS 4R
— AR BRI B R AL A LSTM 45 1 17 i T 900 A5 A,
WE5E R, BEE B 7 a4 BB, LSTM 2338t T JJy s S 4
FROE(S B Bk, SCERC1004T X% LSTM WS 245 B £ R
A, 72 LSTM LA i 5] A 1 3 7 HL ] (Attention) , 58 H

» HAGTUHE  PUNA BRI B0 (2021 YFSY0051) L P41 48 BHEUT Bl R/ #  & B8 8136 /I H (2022YFHO0018) ¥t i)

o 46 o



F4E 5. A THEMRK R E %A DLSTMs FCN #4084 42 3 f 4 A

510 3

Xof 51 A TN L AT G 56 B R ) A RRAE T SROER R T A B T
TAE R, SCHRL11-12 148 ) 56 % PRl 48 W 4% (convolution
neural network, CNN) FI LSTM #y & 47 £ fay 71 ) 4% 54,
CNN $2HURRAE S LSTM $2 b4 A, {5 £ iy 350 00 4 Fis i i
MRS BRI, B RS 1L Attention B CNN
SEBLA 2 10 BB ARAIE (B2 BT AR AR R 35 O R AT 54, T
AR HTRETHEE . NESEREERFR.

BLAN B 15 BB A7 A2 1 B A e T AW
SEEVE R i A FRAE A AU I T IR B 3BT 4 L i BT
ARFAEXT LU LSTM A5 R Sy = 1A A4 £ Aaf T 0 A58 780 (%) 750 00 R
JE Aol SR An T A AT . B B O R OR M S R R
HAERNMEAE BRI, X REOTE R AMELE
BHARLM X R O BRI ERER W E LR,
(A [l S8 O UG R PR R — B0 A7 8 A SE YRR, BR
Wbz A FH 2 R BT B A5 B I I B A AR T LA
77 08 B 1L i R TC IR TR BR TUR R AE i 5 5 25 2R R AR E .

E O A SR — R B T 2R ERKEMNICIL S 2%
IR B A AL ) 4% (dropout long short-term memorys with
fully convolution neural network, DLSTMs-FCN) FI454E 4
SR W 1 S A TR AL, 1 S R A TT AR M) AR, 48
H—Fh 3 F W B BB B 3R FI (extreme gradient boosting,
Xgboost) I F-E AL 1% 5 0, R A Xgboost 15T 2 K¢ 1iE 3
25 V9 AR AR B B0, R S 1 2 AR AR AT B L R VR AL 3R SR
J 1) 48 3R SR Ay 571 A T AR L i A SR AL RR AR AR SR A
HEE X BE G E L LR E, 42 i DLSTMs FCN Jf 8k )
UG, TEAr X2 B X KK 012 ™ 4% (dropout
long short-term memorys, DLSTMs) 3@ i3 LSTMs 3% 4>
T 3R AR B0 U P I BT AR B ik S LSTMs o iy it
& FAE . 51 A Dropout™™ Bj 114 5 fs A B 3 S AT 1 5 46 20 X
ik 4 5 R 4% ({ully convolution network, FCN) o, 38 55
N R 0 Al R AL R BT BE 30 4 i AR B0 A S R AE )
AP B JS 7E H 0 38 o O K 45 M n A Al &
DLSTMs 2 UMW 715 5 5 FCN 2 BUAY %5 43 PR H.,
B BE AR B A I S5 R . TEA TR B
A SCHE I O VR EAT S B B UE , O 5 R D T 00 AR T AT
RELLEE . SCO RIS SCHR iy Y J7 ik 4R 08 T 4 B 0 ey TR
PR 3 RN e P o R B T L B 300 A5 A T LA B o A Y
T 7 i 25 AL

1 EF Xgboost B 4E1E A 1% 7R BE

R IE 3 8 i 0% B B 00 A BRI o DA T GT AR5 AE 50 L 48 055
TIAE BEL- . 6 F 67 00 AT 5 v o SR A M S 4
BT AT AR AR e BE . SR, AR S 40 BT Z B T AR AE 7] A F A
KFR A5 B M RRE A A P REAFAEFRIE TOA 1 I S, 58 i 15 721
TS5 R . Ryl i A RRAE 22 ) 9 T A, Ak LSTM 45 A
B4 AL, 48 SCHRE S —FF 36T Xgboost BYHFAE G 1% SR B .
AT Xghboost Mg ARFAE 55 B A5 7 A Z W] (9 [0 5 G &,

SRIG s Xgboost B FRAEE 25 34 25 1F S X L FRAE A 25 44
EIRVR . BRI S ) R R R TURRAE
1.1 Xgboost &%

Xghoost j&— i1 £ T Boosting J5 B 4 B > %,
FEE T B 3 M B IR (adaptive boosting, Adaboost) F1#f B 42
TIP3 B (gradient boosting decision tree, GBDT) 2% 4 &£
SR Xgboost — 77 T 38 13 51 A 1E I 35 F1 51 41 A £8 55 £
FEME 55— T AT AT A0 R W ik B 4y RS R IR LY 32
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1)X‘T§&ﬂ;%z = {Z1(l) ’Zz(t) e T, (t>} ﬁﬁ?ﬂ*ﬂﬁ
AL B A5 B 5 — 4k J5 B B A B 42 zZ= {2102, (1) 00,y
Z, ()}, F—fbAb R R B MA D PR,

2, (1) —min[z; ()]
1< T 10

5w = max| 2, ()] —min|z, (1)

DRABIA AL ERIREABIRE Z = (2,12, o,
Z, () ERMAREES X = {(z(D,x(2) -, x(TH} M
MR AR AAEEY = (y (1,3 (2) =, y(T)},
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A R AL V- 29 38 45 A O 43 R AT 9 2 R R 4 bR
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RICFHEES .

2 DLSTMs-FCN %5 HA fa a7 1 i) 42 B

DLSTMs-FCN 3 5t £ 4k #4 £ far 19090 452 784 5 5% 1)
LSTM 2 B 6 faf A9 B 5 45 1 » 4R )5 38 i3 Dropout HLHI 1L
B M LSTMs 454, DLSTMs 7E £8 /= B2 2 figt B 58 1 19 [
BBy Ik A e T FCN 5 DLSTMs I 8%, 4R i 4
PHRGEE.
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B TCRSAE , BE AR TR R BDIR A" . KPR T A
[T (input gate) JKi 1] Coutput gate) f 12517 (forget gate)
Tl H AT R T AR R B S s IE S
MiEEI TR oo BEEBEESE, HEALNT

fi=oW,[hrx,]+b)) an
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g, = tanh(W,[h,_ ,x,]+b,) (13
¢, = fuot+ig. as
0, =W, [h, 1,x,1+0b,) (15)
h, = o,tanhc, (16)

K fovioo, SRREBEATIRE M g, B
LR A HRES 5 ¢, 3R U 2 1 A DR TS s Wb
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T PRS, tanh Fo5 DU VD0 MRk .
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T, L) LSTM 454 I B 40, LSTMs il i3 1 Jin ) 4%
BRI AR BN IR R AR B Al S B8, DA S IR S 9 T
FEEE. SR BE F M4 Y m R, LSTMs T 68 t 3 3 il &
Ji) R

J B Ik LSTMs i #l & , A4< 32 R /i Dropout 55 % %
LSTMs #E47i ok, 857 DLSTMs 454 . Dropout B 215
TE I ZRom 2 o e TR — 5 B AR 28 15008 3B 2 i & ST | B Ak TF 2R
TR, B ARAS B ST 1 Jo 58 4t 28 0 R AR . DA T Bk 1B ) 8
et

BN vyl Foom e BERIEE (R WAIG ) BB RES . BUE
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JCAL F ARG IR A . i IRMAAZE A 4315 (bernoulli) , F ik
KUWF -
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MR BETT; SRS WAL Z W 5 43 P & T , b S LSTMs 3
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JL£F Dropout ) DLSTMs SRR T 3 L4 M) i, {5
S BT Y £ 04 A A I B A3 R IR R IR A S T BB B . B A
AR /N B FCNT, DLSTMs-FCN 3 28 31 18 69 25 4 4%
SRR RHE 5 R B X 5 AN R R A PR E R .

1) FCN 444

FCN HH 2 J2 5 A 45 B He A i b 2 A0 0, i 1 2 2R AR A5
BRI N R 1«1 MEBUR BTSSR, SSmmE 4 .

B B
Ixlog O HAREL

B RelLU

Tx256

Tx128

H Convl*1l

K 4 TFCN 45#4

FEARGTR Y f, 35 — 4 45 FUZ AR o L RN B o8 4L
56, B YUl o B AR PR BURR AL (5 B AR AL 2 (8] (1 62 B 15
B HWR SR SR AL TR 5 B 2 L oA, AT i o BRI
W2y A M X fR R R 5l T B E & M BT (linear
rectification function, ReLU)SZF AR M1k .
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KA x), Kom ¢ WZIFHE j BRI e, Ros ¢ W ZIRHE

xR RS , w,; o RORERAE j XN R w, KRB

BT BBUL d B/ B 2 BRUR 4% B0 R AT SR 1 T J

N RS 6 BUE B AR
AEAL S S EIT .

1 T

1 T
ol = ?;(ej,,—m)z (22)
-~ e/d_,uj
e, =7 ——+8 (23)

e g RORRE ) BIE, 0" RORRHE ) T2, e, R
ARPREACHE [, v Fontn i LT 22, B Ranin e . ¢ &
7 B LB BR A R /N

B R ReLU #£ik U,
v;. = fCe;,) = max(0,e;,) 24)

2) DLSTMs-FCN gty

DLSTMs-FCN BBV 5 frn. 00 5 FRAE S A 81%
ARG H ol DLSTMs il 5 0 47 I Fe 48 1 L 45 21 5 4k
175 2 PR FON R IBUA A A5 1E 19 55 430 HF R A5 B, i )5 38
i 4 3% 4 W 4% (fully connected network, FNN) i il H #r
Ui

#® Convl*l
# RelLU
a fithrrEll
# Connect
#w FNN

K 5 DLSTMs-FCN %

3 HbloHm

AR S35 B DR R A 35 7 B 2K M 2006 4F ~ 2010 4[]
3652 KK 87 648 4% AL Jy S fir S A 5& K AR A O B
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T AR SCT B R AE B 35 Jy VA SR i B SRR IE SR
HYOH A SR SRR AE AL 1L 7 5 5 3 T Pearson [ FFAE 26
Jrik, B MIC MAFIEE BT R 1 Xgboost i B B2 4%
AR TSR B VL HEAT X H o DA BR UE A S0 BT B AR AR AR 3 VA R
M s BRI A SRR T 5 LSTM, LSTMs, DLSTMs,
ALSTMs (Attention-LLSTMs) #l CNN-LSTMs 4L [5] gE 758
4. Ho LSTM.LSTMs Jf&5t LSTM & kAR Xf o,
B4F Dropout 7E LSTMs 1 )i i 1 & 2% 1, i Attention-
LSTMs #1 CNN-LSTMs Sy HAty SCHK o 5o 9 etk 5 vk 5
A SCET 4R O HEAT X LG, 3R 4 B TE A ST AR EE PR RE .

3.1 EHIER

B 5 AR 1R 22 (root mean square error s RMSE) PEH}

AT T 5% 22

11 < ,
€RMSE — 72(311*3’1') (25)

AP n REMRE »7 A8 KA REME, v, B R
B ff SR A .

IR Z 1 45 #E 2 (standard deviation of error,
SDE) o, PEABETY 1500 32 22 ) U 3l A2 B L Ay 6 A5 780 3 4%
R EE.

e; = yz—y/,, (26)
1
5:72(&) 20
1 - 5
N e D) (28)
i=1

e, N RIBATTAM B, e Jyn WIR2ETHE.
3.2 HEMRIE

FESCHRLO TS FERHIE A9 SR 6k B 4b5E H VA LAY
B A5 FRRAE IF JEAT 1105 Y1 2. R AE FX DAL E IR 1
F7R .

x1 EEREEHF

FEAE FRAE A HEWEE Hey RMSE
r i — B 20 9 £ 6.900 144 1 246. 2
A T B 220 7 7 A {EL 0.053 131 2 128. 8
L 0.5~24 ftFE—FK M 48 A ufZl 0. 046 920 3 94. 97
P RO 0.036 468 4 96. 31
A Tl — B % B B 220 4 67 i (0 0.030 179 5 93. 85
h HE/C 0.013 216 6 83. 05
1 Bir— H %R BT — I 20 B9 7 w4 0. 010 249 7 75. 58
e I~7TRFEH—~HEH 0. 007 825 8 67.11
P 1~124%1A~12 A 0. 003 087 9 68.63

¢ B/ %RH 0. 001 568 10 69. 88
" OMERWEA,LAEWEA 0. 000 909 11 67.21
4 1~31 %1 85~31% 0. 000 769 12 68. 37

2= 1 12 FRRAE 8 O AR A BUE /DT HEE R
MEEHT . BT ERSTHREBEEEE, HAT
FHE#AT Y25, 32y i 22 40k 1 RMSE B
TR AT M FEARAE oo R e B TR R 22 R AR, B E
£ e F e RITARFRE,

X TUARRRAE 4T R AR R S0 AT AR AE ¢ R R HAF
BRAGE S M AREBEEREEHIEch
2 200 B X A B AN, ERUE B L IR H 1 e AN
e I E B ERR.

R AR SO FEIUARRAE 9,10, 12, 3% 8 [0, 072,07,
L7 pa "™ e " R ] R AREA S .
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A SRR AR e R A B R IR B E & o [
707,07 p ™ ™ ™ h ] BT Xgboost B H
TIF O 26 BB 1B B EE B M B O 0. 01 M ARAE L 15 B A R
TR AN L0 0 p 7R, 1T ] B MIC RRAE

¢« 50

P IEEBARSEE KT 0.5 BFRAE™ 13 BIAFIESE & R
L 02,0707 o pyhye e 3T Pearson 5 4F % £
BRI G KT 0.5 MARIE, 5 B M RFIEE A N
CO7h 072,070 e D 43 SV A ()RR AE 4 3 05 vk 4
PR A R AE S5 V8 R S A RRAE , X 60 A 384T S L R
N F) RMSE F1 SDE, 5 243 5t & 6 #1 7 fiw .

HHE 6 A 7 AT R AR E s BB B B &S
PEAF AN B9 RMSE I SDE 748 — 5 2 53, & B EA7
#4484 RMSE #i K, I H SDE Wt K3 3 T Person $&4F 5
B R B RAEE A P R & T R s e E B 48
HEMfE B 28 A 5T MIC FR1E 3 £ J7 16 A4k T Xgboost
) EERE A R T RN M BERES A
BT AR G A TR TR Z iR 22 W sh 5 — &
Wb, (HR SR P B AT 01 35 5 A X 2 R AR 45 6 52 W 1Y
b, ARSI Xghoost FRRF R R 75 B T ZHEEM
L[ e, RS A K R AR B B IUR M FIE, A
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1.3%~4% ,SDE B8 T 4% ~10% , LA SCERE A 6 5
W15 B F A T A A T L) LSTM Sk LAk 852 280 k47 1
T T
3.4 FR[E LSTM £ o il 42 BU % L
% LSTM, LSTMs, DLSTMs, Attention-L.STMs,

CNN-LSTMs FI7< 3¢ fF 44 % DLSTMs-FCN #4745 1] f
o TR S5 56 5 LA B8 GIE AR 3 $ 4 Ab AR R 1 oE B 1k A AR e
P, Ho,LSTM MR ZS — &N 128, LSTMs Kk A
ZJEK#)E , CNN-LSTMs 3 LSTMs 5 CNN 58, Hrp
CNN WA/ N 5, 8K H 1707,

G —f ANFRIEAL & N A SCRIER R & [ 07,
U T pat e ™ S h ] BERIIZRRE Ay 2006 4E 1 A ~
2008 4F 12 H FIIR5 B  SoiEREAS S 2009 4F 1 H ~12 A
RIBR S B WRAREAS 2 2010 4R 1 3 ~12 AEUR{E R . &
AREA F B )25 Ry 48, BB AY 1 T -4 4 A 7R 8
B

i & 8 T4, 7 3C AT #2 41 {45 A DLSTMs-FCN 1
RMSE Fl SDE # Hfh 8 B % ff . A% F B2 LSTM

B8 AIF LSTM i i Bl L 24 1o

T ,LSTMs A RMSE KT 4.2%,{HJ2 SDE #1#f0 T
1.1%. Ui LSTMs WA BRI 4L A8 7 5000 A 781 I s 2R
A —E WAk A0 A A G $0 A 5 SOCH T RS R K
A% T LSTMs, DLSTMs # RMSE T T 1.89% [& it
SDE TF&T 6. 3% , TlER 8 PEA BB T, FE - B 2 3
SRE 1 0 [ B e R AT LA . ¥ A SO B IR b R A
DLSTMs-FCN 5 3CHk[10] 7448 i % ALTMs 1 3C#k[11]
1 B9 CNN-LSTMs #f 1, DLSTMs-FCN f§ RMSE 43 %
RFAR 1 6 %60 4%, SDE 43 B AR T 4. 7% 01 4. 826, Wi K
FERBEESAHEEF, XEEHK FCN 5 LSTM #i#
R AR K ZE R4, o DLSTMs 3 in 3+ B¢ 19 FCN 2544,
LA RN TS 20 HE A5 B, 22 MR LSTM T 4 K b 51
P H 25 B R Il R, 4R A R R 1) £ B AR B )

Bl 9E//R20104E1 A1 H O S ~24 AT RE
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