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Exploration of the Application of Attention-GAT-LSTM Algorithm Model in
New Power Systems

LIU Jintao, SUN Yugqin, GUO Zitao, WANG Tianyi, CHENG Wen
(College of Mathematics and Physics, Shanghai University of Electric Power, Shanghai 201306, China)

Abstract: Accurate short-term power load forecasting is essential for the formulation of daily power generation plans and the real-
time dispatching of new power systems. In order to obtain accurate and reliable load forecasting results, this paper proposes an
Attention-GAT-LSTM intelligent algorithm targeting the temporal and uncertain characteristics of real power load data, and applies it
in practical new power systems. In raw data processing, this algorithm innovatively integrates a self-attention mechanism, introduces
a data processing unit to assign weights, and employs a skip-connection mechanism to prevent overfitting. The processed data is
transmitted to a graph attention network (GAT) for spatial node feature extraction, then passed to a long short-term memory (LSTM)
network for temporal feature extraction. Through forward propagation, back propagation, and gradient descent methods, the weights
and biases of the LSTM layer are iteratively updated, effectively minimizing information loss during iterations and highlighting key
time-point information. Comparative analyses with various models demonstrate the method’s high prediction accuracy in short-term
(hour-level) power load forecasting, providing data support for the operational dispatching, planning and construction of new power
systems.
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Fig. 6 Skip connection operation principle diagram

W ABARHNF— D BRUZ, W — 05 R
Ko ZIEHEE R BHEEAE A ERUZ, HE
W R R, BRI A ERR.
IR F22 T2 418 DAER — VB pR R0 i 1 B
=AERUZRZ IR BIAINERAE . 28— A0 R g
P R P ol et kIR T ) AN — A 45 BRUZ B i
W, S B TCE A, T R A B R

M AR T3, RV I A 1 28 S5 A R 5
Z, F MR B REIE i X SRR e B AL,
DTERER, MARRE R LRI 542 75 5
B
1.5 AG-LSTMEZI %5y

H T AG-LSTM 57 3k 4 Y 114 32 47 370 72 4 11 7

FioR .
1@@

BEAR

PlERS A

Y
SelfAttentionZ( ki
i L v | s IS AG-LSTMEH] | 12
n
B R |6 b
" AdamiiIE [
o

IS
E7 HmEBKEITREZEE

Fig.7 Overall model workflow diagram

e, Ea A E LR IR self atten-
tion FHE AL PR HLTT , 3 A I FR T AL BEE HE AR AT
SRR, B 06 e 4 e 4 R B X DA B T 1A
AT, s R AR R R FT R
S TAUE R T, AR BB AS O AN [ 4 1
B, R ST S 2 I 4 R T G AR Y A R A
KRIT N A st ix A=, SRR & Ty
SOHBRE, %8 TR Z M A EER-, A
e TR B

HWR, W H AG-LSTM BLHI I o 6 fuf B4 78
i B A T A S, Y T TS TR AL
0, Fi A GAT B I A JZ, X5 s i RE
HE K R BEAT R . 76 GAT JZ RIS I — etk A8 1k
2, TR A RRIE S GAT )2 0% B db 1545 &
Bk R &, XA =R B T8 I8 £ 2 GAT
FERysfrh iR mEEAF R, JF Bl DR GFHb B 145
FEE R . BRI M B L. AR SO RS GAT
2 EEM N Z 4 GATConv 2, HAAHAEE N
BT A S RS b B A0 s RRIE R . 7EAR Y
BATZ ), B — A S B R Ok 2 A
GATConv JZ, TEEMEIEE I Z B0 G A%
fIE, IR FLAE B I A B W) 2R RO 2 LT . A
ZER M2 AR P, H R4 s
JEZ B2 e e LS B BifiE R B 2 —
AR BT — )2 A, JE R REAE A R O R AR A



100 FEITRMEEA

919 %

VERRAE 2 B F T R A A RRZ AR, DL B
BRI R G 22 R B S RO RRAE . BbAk, AR
Sl AT BRI, G ESE 2
(s NZRHE ) ¥ Bt i A RRAE 5 IR 78 0 2 00 i HE
fEAHSS G o X —HLHIA B T7E 22 B 2 db #iad
PR R R AR5 2., DA RS S AR R0 Xof g A5 7y 28
fRBETT, FFoT LR sh Bl (EBERE T % . Bh R R K 55
[F] L 1 3

RIG, Zead B T )2 b B B0 Bk A
LSTM 2, Dl Hrh & R ¥ 8 & . LSTM )2
POk B GAT ZWfh, st s e 25 A1F
SN AR S SRR, IFREA M AGE; |
LN IR 7 97EE [ TN Y S i cetl IV DN i )
RS b 1] 60 BT AR R 40 IR S R Y m e A B
T Rt RS . AT AR, LSTM)Z 00k A
T — s 100 25 A B i R 2 A0 244 i i 0 48 A g A 580
DA BT FLRREOIR A A RS . E 2R I 2k
AR, S R R R B N BT, AWREAR
LSTM 2828, i mis m i pEge . o /2
nIE 8 Firs

GATJZ

[aara |

LSTMJZ

Lh |

Bl =
R EIEER

8 LSTMEIE{TREE
Fig.8 LSTM layer workflow diagram

i, LSTM JZ i i i — 4% 32 (FC)
AR, DIAR B 2 B T &35 21

2 HiEAE

2.1 HIEEE

B B PRI AR T T 2011 4R & 2014 4R JiE
HE X 321 A HT P s BRI 4y R
A R R AT I, e 2k 2,
AR SR AL B R 8 T SR, BIAE ¢ B 2060 R

Pk 220 1 [y 50 0 ey B5Hl T B BURAAE AR R 24%7 (1)
ik ] i 11 30 S 55 4 o BT A4 24 AG-LSTM £ £ Tl
DAY 1y o A8
2.2 HEPA—&

Zeab IH—AbALBRS , AT U 4 2k ek ER ) e 8k
PR AT R B RSN, TRl L RE A R AR 4
SRPHERTE . B TRTALR ACE H L4 25 Fh AN [R] Y 2R
PrmIE A, BRI 198 3 46 22 S5 X0 T i 24CR 1Y
seme I AU R RO SvkRe, waidTIH—1k
PulE . AW H T min-max #5145k
s/

X, — X,
};jﬁi (11)
Kb X8 i EREEE; X X &l H—1bE
IR 5 X o R X i 73900 A7 D5 053 500 Y 1) e KA N e
ME . FERRBNH— AR S5 RIS, S T HER S i
SORMERYE, SR RO — Rk

X=X (X = X)) + X (12)
Arfx R IE— R A
2.3 =BT IEIR
R 3Kk Y 07 AR 1% 2 Ry (root mean square
error, RMSE) . ¥ ¥4 X}/ 43 1% 22 M, (mean
absolute percentage error, MAPE ) Fl1f ¥4 40 X} 15 2=
M . (mean absolute error, MAE) 3 ~% H P #5
FrAAE R AN H g B Aoy B ASE AR 1 REFR Ao TR
AN (13)—(15) s

X' =

] n
Ruse = [ >(y(i) =y'(0))’ (13)

Ly @) = y'(@)
M o = HZJ v(i) X 100% (14)
M= ] =y ()| (15)

APy ) i 2B TRINE sy (i) o i I 2 g LS
{E; n B

3 #REEHISH

3.1 REEWHHR

SRS RIEA TS S0, DARR BT o 45 A B A
BATHRA R . 2 10 il 5 BCE I E, IF
BEE R L K 9 5351, Hrh LSTMonly £ 361X
A IstmZ5H ;. noGATACTE Istm Z M A 13 & 1 50E
WA A HA, TTENFE R TIM4)ZE; noself L3R



5 6 1]

XIS, 5 LT Attention-GAT-LSTM [ H AR BI7EH B ) RGe P R TR R 101

P T 268 2 Ml lsem JZ2 ALY, T A TE R
Bl BEES

— RMSE 32
1%

1407 puf==----- . MAE
- -MAP 3.1
120
3.0
29 8
2.8 2
N -y
. <
% 27 =
26
2.5
Ky

—_
(=3
[=}

RMSEffi/MAEfH
S

60
40
20
0
3 S &
» \ad & D
&Qo 000 ‘\0 6«\%
v »

B9 ARERIFMIEIRXTLL

Fig. 9 Comparison of evaluation metrics for different modules
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Tab. 3 Statistical analysis of evaluation metrics at different time

steps

R[] 25 /b M ol % Ryl kW M, kW
1 2.44 111.13 81.01
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6 13.16 545.07 432.37
12 13.01 544.42 429.94
24 12.98 544.38 429.55
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Fig. 10 Comparison chart of prediction results of multiple
models
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Tab. 4 Statistics of evaluation metrics of prediction results of
multiple models

T R M, % Ry /KW M, kW
CNN 6.19 298.27 212. 41
KNN 7.22 318.05 241.63

Bilstm 5.32 227.46 172. 46
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AG-LSTM 2.44 111. 13 81.01
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