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Abstract

In order to ensure the safety and stability of the power system, it is necessary to accurately predict
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the power demand at each time of the day in the future. However, with the increase in renewable
energy, charge prediction has become more complex and unpredictable. Therefore, this paper intro-
duces a new model based on GCformer, GGSAGCformer, which extracts spatial and temporal features
from the data through graph convolutional neural network and gated recurrent unit, and then intro-
duces the multi-head attention mechanism layer. The Geographically Similar Spatial Self-Attention
(GSSA) and Climate Self-Attention (CSA) modules are added to this layer to deeply explore the poten-
tial associations in the data, and the output layer uses GCformer to process the prediction results to
improve the accuracy of the prediction. The experimental results show that the MSE of the proposed
model is reduced by 15.3%, 25% and 29.3% compared with the traditional models GCformer, Inform-
er and Reformer when the output step size is 192, respectively.
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FIMAN T GRS WG AR I, DACBEEZHIX . 2P 20N I A 00 ) 8 BT 25 2 5]
B2 A S XRS5 2, A6 S5 IR A AT B) . A=A AN [ AR AE . 7E B FRZ 8 A GCN 22 X357 ]
FRIEFD GRU $2HL 2 X S5 (B RFAE , AT B 1 AN (R B T P 0 e g SR B 8l , 06 B R WE R B i i
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2.1. EF GCN I ZXigzs [B4FE

TE 2 DX 3 AT BT, R AE SR IR T DX S 2 R DG I, 12 BT PR 3RS % DXl (7 ) R DX 3 [ B 2
HH S B B B D) AL o IR B4 P R LA AR 1) S M R R, 8 TR RR R R 2R, R e vl i
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M WioE AR RRAESR IS FE 32 W I T A B AR AU LT AR AT S I RRE (S R sE . Wi 1 pT
N, WA LN EFRT A, GCN B Re g id i 4R H 0 PRI SR IL—BhARJE 11 45 20 3. 5 MIAFIE(S 2, M
%ﬁ&xﬁ”ﬁ,ﬁ 1 HAF SOCRRAE A B E

GCNEFRITFE
—E

Figure 1. GCN convolution procedure
& 1. GCN &g #2

EF 12 GCN Sfext X 3 25 Al K ) Gy #EAT AL FR I AR A -
H = ReLU[DT_ZAr DT_ZHTH\N'J 1)

e, A=A+, | NRASERE: D, 7'3AT RORERERE, df =3 Al M e R 9 | - 1 R IRFIERS
. C ARSI, He =X, eRYMT . W' e ROF Jy35 | IR TR F ot 0 X S G 4
ReLU (+) ifli B4, 39m 1 R4k ?E, B T BRI, R H, = Hy SR%R i GON B s
i R R

2.2. EF GRU X EEEM4SE

18 % X I W far e g T b, H AT AR RS Sy LSTM AT GRU. LSTM R A 83 1 BRI “ 177 Bl
Ml GRU /& LSTM I LR A, K LSTM A =AM AmAS, FFHEFERELIZETe, . 5
LSTM #HEL, GRU BEW 5 A b o foh B2 VH SR FHERIE () ] @, 4T GCN $2HU 3 ) 22 X I 2 AV RRAIE H,
IPIRHAIEERT R GRU HEATANEE, BR4E—A HY v eV #20 B4 GRU FRBUEE KN 454E. GRU

T R AR
r, :sigmoid(V\/irHt +b, +Whrh(t_1) +bhr) (2)
z, =sigmoid(V\liZHt +by, + Wihy +th) 3
n, =tanh(V\/mHt +b,, +r, o(Whnh(H) +bhn)) (4)
h =(1-z)on+z0h, )
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Horb, HONBZI t R NEARAE ;s h BT 2 t 1 GRU i Ny FETZ - 1 REEZERES: il z,
SR EETRER ] n EIEREURA: (W, b} xR AT NIZRS 4L sigmoid (+) FIONIMIE AL ©
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3. BT L KFRNVBIRFHESRE
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BRI AR, DR RIZ E AR E 5 BRI BAR B SRR I, AWESIANT 2 MEREINHZ, &
T 73 A S LG SRR S S BRI, DA SR R G & Ve AR RE 1k

3.1. IBEMNZEIERDIEIE

% 8 B AH AR HE X ] e AR S 5, A SCOR AR SC[20] 9 1) DTW B3, F AN ZEaR 8 1) i
fof SOERFE S e e, 44 D9 b BR AR L2 (8] B 33 = /7B B (Geographically Similar Spatial Self-Attention,
GSSA) . %A HR AR A1 A F7 52 v A B 8 B0 rh ol SN TA) B3R, IR I R AE B AR A ) e 3 A ]
R AR SR A v, DIORE RSO0 R AT A 2 0 IR DDA B SR . ¥k DL — 4R AR R o AT
B .

o, FRATMT s e S B RO AR R I AT R . Bk, FRATER RN A
S [ 2 & CU D s B A R AT U R, SR — RAIRI AT P 8. B3, AR k-Shape RS H x0T
XU H AT A HEAT B 2K, k-Shape B30 — Rl (4 B 15 8] 1 20 T2 IR 5 %o 4 JBORNAS A3 B AT A28 1 st 1) 7
FIRET . BATHEAN RO p Romizik, p&—NMKER S KNEFS. A5, RITHES
p={ple[L- N, | FORRALER, Horb N REEEE KHE, p W LY — LU

AL P R A S 2RI XS AT I A5 A AR 0 = A A A PRI 2 o DRI, FRATTAE RN AU 7 58 F A
FI G-I AT AR p HEAT LUER, AU 1 (5 B b BN R I s e P A R s b . Bk
B, 5T RN NI RLA (= S + D) B 9 S 2P AT IR S X gy, 0 BATE SCA RS FE W 345
%é’@%/ﬁumi‘ﬂ:

Uy =X W (6)

t,n

BtJja, BAVEM A MRAFEFEW ™ B AT RS p B R T B e oyic iz i &

t—s+1),n

m = pin (7)
K47 A0 BT S A R R R U, 5 AT I AZ e i m BEAT AL, A3 B AR A
w, =softmax (u;,m;) ®)

PN ORARGEAR AL [ wotf G R UAR & P BEATINBCR AN, 321458 I LA &R 1, -

L, = %]:(softmax(ufnmi ))( pwW©) ©)

Heb, WERASASIMSHIERE. Sha I SLPFI3Ros r, &A1 n BT 5 S 2, e X At -
S+ 1)F t. E, BAVERIFA T SRS RRR Bk K®

lZt(S) = Kt(S) + RI (10)
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3.2. SEEENINHIE
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Figure 2. Correlation analysis of climatic factors

2. SIREREEXS

BT CASCA Bt 7 — RS 0% H 1 2 JI L2 (Climate Self-Attention, CSA), ZHLiliEN L4 F 55 s fif 6t
UV I SRR R SR R P P o AUTE B L2 R SEBL, A O AE TR AR R B 3 A
JREE, BIZhAH LA B R XML OR TR RS REE T R R OV E AR E R . &
E—AMNEHESE X e RV, Horh NZPEASE, FRAHMERE, ZHUHEa@d — ¥ ] 2806
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BEW, € RPT SRt S5 AV RHE ) I 3 22
A, =softmax (X )W, (12)

c

b, A eRVT REAMFIERER IRE, Softmax BB 1A NREA B A RHEAE AN 1. 3
H, @5 FMERHE X B e, SAINSR 1 EERER R, R > A4 B EERE R
X'=A OX (13)

Hrt, o TorstRIAMAE, X' e RV RINBUG VRFEIEFE . f)a, J8IE— RO IBURIE A R
X" RSO AT 13T H4ERE, i1 Dropout HEAT IRk, LA L5
Y = Drpout (ReLU(W, X" +h,)) (14)

Hoep, W eR™Fith) e R R4 H 2 MR EMME, K &4 B rgEE (AR EF 7148), ReLU Ml
Dropout s i A1 1E AL R £

I R, ST R N RE B R A SR TR ST 5% B R R B SR RRAE, AT AE S
FERIRAM DL T, A FERTE f Ay CUB TN R R 1 o e v — KR F R ATE T H R &) A 5
REEALE IRIRE Sy, XA e A H AN 5] 1 AN A B R SCAR A RS TR 8, TR AL TR A RE

4. EF GCformer BB FR4SEHEEN

GCformer & —Ff H T~ 2 L] 8] J5 51 5000 PRI R, AR5 ol id TR ST TR0 o 7Y ) 2 2003 2
WATETBE5E T AR SORA L SR e, A A A A B m AR (B (8] 751 . A2 R BT
TR, A 53 SCORTE R TS, AR AT R AR o IR0y S AR R T R L)
SLFYE R, ARSI T I v AN R
41. ERERZ

SeHT AT L CRUE] 1 4 RS PUZ AR R KA RO JT T DO R Bk, SRR KA 1 B i
BAFHIK R ITUK AAZ, AT REB IR KRB . e NTHueR™ | A% 3] 4 R A%,
keR™ LRI yeR™ . &RBHERA:

y=u=*k (15)

Hep, « RERH T, BARREPUSHEERENO(n®), EUMERIEIRA # B POd A2 bk
S, HEZEANO(NIgN), iHHARWT:

uxk =77 (u).7 (k)) (16)

4.2. EHESHKL

T P S BRI E M H 45 R R A K B, SGeonv i 4 3 — R A RS IE AR K A% SR A i
LB, HPEA T A E SR WSS E S E BT R AN, 1EE R INBEE IR T %
e, NP RIFIIEERMERENRZE, DIRTHEMERE. A2 —HZ RETHESEL N
Kooy » 2SRRI Geonv,, ML E SUM:

y=F"(F(U)F (Knas ) a7
PR SEAIR L T — R & RS UL ik, B 8] 0 B i i AR e fw 22 . Sk

% SGeonv A[E, BEEAESUIR A QI L K (o, e C™, HOWBRFRREMETUE, AR m<n . P
SR EREREEFCN(Geonv,,, ), I FEE X N:
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y =7 A () A (Kieg)) (18)

FRAR 75 2 D 200 S AL BN FF MR 58 7 v N R AT 7 — R F 0 JEL 7 L 00 S A 32 A 0
B M 77 A — B R T BT F 77 Bk 00 . S4 [20) B FLIRAS %8 1 ZEBEFEFE . x, = Ax,_, + BU, »
Yo =Cxe, + DU, s Frtuf e R* BB K k BN S, X cR® REBREZTHA, yeR® L4
5.

RS IERE A M AFEFE B %E SON:
(-1, if (k<n)

=(2n+1 ,
Au=(2n ){1, if (k>n) (19)
B, =(2n+1)(-1)"

X EHRE Ae R FI B e R™ @I LegT [ & S, 1% 8 N iRIL ¥ 7 sh 4 B G — ML E . C e R
1D e R A FERE . RS2 AL A IR T3 m] LU B U5 PG 5. e i AL B A C 2T
5658 UK, ME AT AR ATV R K

y=u*K,K =(CB,CAB,-,CA"'B) (20)

AR A A EEZ . F, oK TR — AN RG0S 5 AR ] — 2% 1] A5 3 ke 5 1)
Legendre 7 [A] {1 F2, 3 53 iod A6 37 P A8 460 445 45 56 8 B A2 2 [A) I B AE 2R L. TEIGAEZE R, (5510
Bl SF A I] — 2 18] 31 Legendre %% [A]J@ d O = LegT.Project (u) SRS HL, 1 S 2 ik P2 A 7 5 o 78 JU 3@ 3ot
U = LegT.Project(T) 5e/. BLAh, ¥3E K, e R™ W%, i miz/NT n, iX5E LT A& TH Legendre
JEE 514 R B R ( Geonv,,, ) (K HR AR 72«

y = legt.Reconstruct (legt.Project (u) * K, ) (21)

43. R5RBAZHHEMRS

JFAE# 5 K GCformer ZEFSR AIAIVRF (X 73 SC i, B SE I 3 R o IX AR e it 2 R i i i
PIANISL R 73 SCAR B IN B, B0 SCH R T8 L Tl SRAI SR B IR R B . R4 )& . ¢
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Figure 3. GCformer structure
[& 3. GCformer £5#4
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#, FFEEBHEEANANTH X e RV B4 @ iab, HE MM SEKERIRE LR, kT
JEZR AP R I N3 S B R TR RS B (2,0 ), 5 B T [R5 5 AR R, @i
B R Xy e RN (LA N’ < N)BE%H] Transformer 7332, SEMRARE 20E, RN TR .
AXUWTF

Zgiopa = Branchy ., (X) (22)

global

= BranChlocal (Xtail ) (23)

ZIocal

R BB Ao 42 53 15 0 Z g )R B3 0 Zi RIS 13 BRI, DI TS S %
B & — A2 TR 0, % 1 T 2 B 1P 91 o 6 7 b £ o 2R Tee, AR R 2
R 2 LA 5 4 B B VAR P, KR B 4 s B MR B 40(q), o DS L B GO AL ), DA
IFARALEE . BORP S HIT AR T 4R R R30S B I 76 40 5 AR ORI FR . R+ B A 2R

q = MLP(ZgIobaI ) (24)
K =MLP(Zggpet ) V=MLP (2055 ) (25)
B ERSREEMAMER, TUERIERERAAMER. A508:
kT
Atten(q,k,v)= softmax[ g Jv (26)
Ny

A SR R FE B AR 2 AR B A AR S RS . XS R AE Z AT T 5N,
FHAE A TR R T s 1 okt AR R IR AN VAR S T TAR

4.4. GGSAGCformer B9 % Xigi BB fF A S 4R

GGSAGCformer J& — > Ay B faf G T 8 TH 0 o RIOR B 2 ST, 456 1 GCformer 14 /R EF4)
I, HEINTBIRME WL Skidk B I . AR REA R B F A 57 BB 1 5 4 e ) A0l 1 A 22 R
JEAR A, I A FRINZS GRU FI GCN $2EL 2 X I8 )2 ()45 05, A FH VAR 28 SRR B B0 2 ) 5 J2
RVEGAE B ORE, LAY B8 R B SG7 7 A BUE ) 2 AN BRI, EA R 7 Rk B R E s R, 3
58 T HAEARNTRE 11, GCformer (1 4x JR 5 R 45 SCREMS A 4 KR M OC R =y M3, 1 22 Sk = Ll
VULAE 240 3 B 35 ST 000 P9 38 3 AN 90 R A, A4S R T R i 670 28 TN v R IS €, SN WA GO A

GGSAGCformer £t &l 4 Fron. BB HERUE . R IVLHE MBS EMWR. BRERA
GCN #REUX k25 (A5 4E, GRN $ZEX X I [AARAE . BN T 2 LiEE DPHIE, 5IAT 2 MEAEEN
B, I8 A B 2 RS, N KA AN A . i e, @i 28 H GCformer HE47 F

jeiile sEpbsE  DEER A=
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Figure 4. Structure flow of GGSAGCformer
[ 4. GGSAGCformer L5497 72
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51 SRR

WS T Trentino X380 2 4E3k i AR i B 46 [22], B8 1 SET MLAIGE . 1 T
SET REVEAUHE, 1ZHUE FEs Trentino RIGMAZ AL, FRGETHRIAR A AN 00 46 1 5 7 KR RAH 82 ) TG
HRZEB S . TR EDR, B KRB SR e b . O T RN A, AW TURENLIE R T
Trentino (RFE X3, IFMAE T % XA IR S5 1 10 2610 Hh 4R J HLC 6 A0 IR 2596 16, B 10 A%
DXt [RI, AR EEE AR AR IZIX 36 N TR IR BRI RGE A A #8515 24l
F—Ik, BAZRRE.

DNREXT I ZREE 5 MK 2 18 AT BE R AT RS, ASCRA T 80 I3 — R RevIN SR 55
Bl HARMEMT: R EMABIEGAN L] X e RT (P EARRAES, LUHEAT 508 bRk
AbE, AT

e[ -2 1)
=
Var[xg)}z%g(xg) - Et[xﬁi)})z (28)

FIFX S G Al , AR R AT 2 S M0 S S8 &y B g, 4EEON RS, i N AT I

(29)

" ar[xf)]+g

H—1 5 BB RS N BT A BT A A o, B A S AT RO — Ak, PR B R GG BUA L . Hd 4y
RIS, RAUFERNREE, 1558 70%. 10%A1 20%, LLHRE AR AL 1| 2525 R Rz 4k B

SEEGAE S 2] % 0.001 1) ADAM AL . FEARK SIS, BRI R H D K S IR
TR FRAR AT B IR 15 A A & 45 5 . 52856 487 F) NVIDIA GeForce RTX 3050 Laptop GPU, 1 ] Pytorch 1.13.1
A1 Python 3.9.16 56 3A 5%
5.2. TENIEER

AP )T 1% 2 (Mean Squared Error, MSE) I~ 14 4 %} 1% % (Mean Absolute Error, MAE)E N 1EMN 45
B, SRPPAL T HE 0 BT GO OB Y (P B . MSE T i S TIE 5 SERRME (0 P37 5 22, 8tk T
(] U1 43 BT IS 28 4 L F) — R AR AG 4R AR . MAE & TR 5 S2bRE i P 3 et 2 5. A 3008:

T

1 -
MSE =3(pr = i) (30)

t=1

13 ,\
MAE :F2|pt+r = Prer (31)
t=1

5.3. EBEHMUTIEL

R AT IR R, 8 S B IEFA DG RER A AT 8877, T EOGZ AL e ) ATt
FREEE TR . AR SGE U = M0 B S 4L
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1) % JZ K E N 0.01. 0.001 A1 0.0001. EHFAEHF R B CEL, Kol &E 5 ) Fn]gefi
R TE V8 TE o D A B L 732 955 1 X LUAS A8 T AR P 2% ) S mT RE AU I ok B A, B 2545 BR 7E R 3
A -

2) LR/ IES 6. 64 F1 128, HLUCK/NEEMAREIAY (R N AF T 3K o UIZRE B2 et B . /ML AT DU
PRV TE A E M TE R, A Bh A EAE 7 A, (AT BeR I R RS RN SR A R e . M2 TR, K
e AT AR IR 2, (AT B 950/ A5 R0 B4 20 1088 A P U A2 o

TEARRFF, SRS RGNS BT T, RIS XIGUE 7 VETE 2 P S50 & kAT or
flio R XIGUFLE RN 1 AR 2 o, Hr, £ 1% R KOME BN 32, 7 2 M LS50 S Rk
BN 0.001. @ RTUAGH, EIANRAEGT, 1222150y 0.001, LR/ 32, YIZRxE 100
I, RERRIUIAE, SO T TR R T SR I B A

Table 1. Comparison of MAE and MSE between multiple models under different learning rates

%= 1. ZMRAETREFEIET MAE F1 MSE RIxTEE

< GGSAGCformer GCformer Informer Reformer
FAE MSE MAE MSE MAE MSE MAE MSE MAE

0.01 0.141 0.266 0.162 0.278 0.171 0.301 0.182 0.331
0.001 0.111 0.234 0.131 0.252 0.148 0.288 0.157 0.302
0.000 1 0.116 0.238 0.136 0.255 0.149 0.292 0.159 0.307

Table 2. Comparison of MAE and MSE between multiple models in different batches
2. SMEREREHUR T MAE #1 MSE B9xfEE

N GGSAGCformer GCformer Informer Reformer
KA
MSE MAE MSE MAE MSE MAE MSE MAE
6 0.120 0.243 0.144 0.279 0.154 0.303 0.164 0.333
32 0.111 0.234 0.131 0.252 0.148 0.288 0.157 0.302
64 0.109 0.232 0.129 0.250 0.146 0.287 0.155 0.301
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Figure 5. Comparison of the morning peak of charge prediction for regions 1 and 2 on November 13
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Figure 6. Comparison of the morning peak of charge prediction for regions 1 and 2 on December 15
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Figure 7. Comparison of the evening peak of charge prediction for regions 1 and 2 on November 13

E 7.11 A 13 BXE 1 FXiE; 2 #Y e 1 Uik S g 3t e

DOI: 10.12677/sea.2024.134060 589 B TR R


https://doi.org/10.12677/sea.2024.134060

BUHALL, (TR

N T RANI AR TG, BATR A HE B Rom EAE R — 4 0 S TR as R . &
Ve A3 AN ABE IR 1) TN 25 SRS B[R B X8k, TR BN B 23008« fE TR IE B, A KA — > A b
B, ZIPE N ) SR SE A, R N EREE I ot AR TN BCR B . EE g 9L 18 10 KL,
GGSAGCformer 7 Ffr iy B F) 22 30 % Y6 R 800y, S HE AR A3 A5 000 &5 SR 7 Tl B A S 4 A e .
LR 75 IR AR TS FE AN 24T s R B, FRATMIBE U4 SRR W], GGSAGCformer FERUAE i = AL ) &
&8 JE YIS A TR AS P52 7 TR B AR £

12-15 BEHETN R EIEx L 12-15 BT S MR S lg Xt bt

75

o T~ AN | B et N O e,

Z 65
5

40 i

an

w0l =7 ’ GGSAGGTormer
- GCformer

—e— GGSAGCformer
--a-- GCformer

55
Informer

x —*— |nformer
50 - Reformer 50 Reformer ]
& S $ ® & s & & & & o s & 55
o%» % % % » o 2 % % % @» A 2% 2%
K K K K K K K 6 K & s K 6 K
B8] Ff18]

Figure 8. Comparison of the evening peak of charge prediction in regions 1 and 2 on December 15
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Table 3. Comparison of models at different output steps

3. BEAETRME LK TR

l GGSAGCformer GCformer Informer Reformer
MSE MAE MSE MAE MSE MAE MSE MAE
96 0.095 0.217 0.112 0.234 0.132 0.264 0.143 0.287
192 0.111 0.234 0.131 0.252 0.148 0.288 0.157 0.302
336 0.121 0.244 0.146 0.266 0.161 0.300 0.166 0.311
720 0.197 0.298 0.211 0.297 0.241 0.392 0.263 0.399
X151
X110 X152
(
X159 X153
(X138 X4
O
X7 X155

X156
® GGSAGCformer @ GCformer @ Informer @ Reformer

Figure 9. MSE comparison
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Figure 10. MAE comparison
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