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Multi-regional power consumption forecasting in large-scale
construction projects based on xLSTM
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Abstract: With the continuous expansion of water resource allocation projects, accurate electricity consumption
forecasting is crucial for energy conservation, cost control, and construction efficiency. Traditional forecasting
methods, such as long short-term memory (LSTM) networks and Transformers, often struggle to capture both
short-term and long-term dependencies in complex time-series data. To address this challenge, this paper proposes

an XLSTM (extended long Short-term memory) model for multi-regional power consumption forecasting. The
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xLSTM model combines the short-term dependency modeling capability of sLSTM with the long-term
dependency learning capacity of mLSTM, enabling effective analysis of power consumption data across multiple
regions while considering temporal correlations among regions. Experimental results show that XLSTM achieve
superior predictive performance, with a mean square error (MSE) of 0.0030 and a mean absolute error (MAE) of
0.035, outperforming competing models. The proposed model provides effective technical support for precise
electricity demand forecasting and offers practical value for decision-making and intelligent scheduling
management in large-scale water resource allocation projects.

Keywords: xLSTM; electricity consumption forecasting; large-scale water allocation projects; multi-regional
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AT FLBF (kWh) ; PowerConsumption_Zone2: X 3 2 (1) H 77 {4 #E , B {3 24 T FLBT (kWh) ; PowerConsumption_
Zone3: X3 3 B HL I IH AR, B0 T FOBT (KWh) o S DR Tk £5 4l i) J5 15 R 1, A ST 36 6 5t s 540 gk 47 17 DA
A

1) B[] SR AE < 1 D 4 5080 1% SR AE 8] B R 10 min, AR 52 36 65 B0 0 5507 SR A B 4 h — AN BOE 05 0 R AR
J& , H I TH R (A 7 D) SR AL DB 23R8 AR 8 s QIREE 8B XU R0 S 45 ) DU B B804

2) B I Ak BR . {6 FH sklearn 32 3L A9 120 78 7 75 Simplelmputer X i 2 5 #5474 #1 , R FH Y18 (mean ) 5% B& 17F
AT SEAS , B0 PR B 0 o e P A TR o XS TR RRAE o, 24 BURE AR SR B TSR R AE B9 I e I e 3R
N TR

>
%zﬂzf; , (18)

Hodr s n IZ R A AR S A ) DA X, M 2 RIE

3) bR AR AL BR Sy TR A S [ AR AIE 2 ) i 2 2 e X SR 2 3 5 ) £ scikit-learn (% StandardScaler
X JIT A R AR HEAT A AR A B, X B HEAT Y(E O AR 2255 1 e 4, X T AR AE X, bR AT B A R

x-p
zZ=——
[

o RRE x B ME s 0 S FRAE x (BRI 25 52 AR fEAL 5 i1 .
3.2 EERNNG5WIE

AT TEAN A 43 v 7 I R TN ASE Y 1) Y1 5 5 30 Tk ek A, 6 5 KA FAk B AL 25

D ¥ e 5 5 —1k

BT — A B R (AR R XU SE ) AN 22 IX 8 ) T B 1 2 748 B i) (0] 77 90 BB 46 o i R 4k
P R AEA A 10 min, £ BT RAE Ny 4 h I #EAT 4R . o PR I 25 0 Ve AR AL B8 |, {1 /] MinMaxScaler
B A R I — L 2 0,170 .

2) B AR 53 5 7 9 A

Bt B 1 B 80% IR AE L 10% il X 4R 1 10% 50 ik 48 HE 4740 3, 9% Uk 4 T 78 I 2ol A2 vy s 5 42 A0 (%) Pk
A, St LG, JF AR 48 50 TR A 1 45 SR B AL 1Y 240

Fag g B ) 50 A A ol AR SR FH I Bl 0 R A R S R A I A R Rl o B AR R R AR
seq_len=8 A~} [B] 25 i B P A R g A, F 3000 R — N 1R] 25 09 B ARE . by vk ik B AR Rl i sh v 1
TE B 6] 77 90 o 38 20 S B 9 80 (45 B REAS R A & Ty s AR ., 455 78 ) ) FH s 2 oo s 1 A i

W 0 R/NG R E W st A K /NBSEE N seq_len=8, TR EEAFEARAL & 8 AIH B A B E . Kk
B L RIVERRE 1 I i A% B — S R] 25 2R BURT B REAR

i N5 s B AR AS AL seq_len=8 W] (0] A5 A B | th AR — S B ) D AR (E CRPHL O
) o XFF4AErInta R B [x,, x,, -, x,], B 30 & 10 532, A LRI REAS A BN« [y X vees X ], S0 S
[, 1 ok L B 11 [ 507 38 3l — 0, AR OB RO REAS (A < [y, X oo, ] T < [ ], AU 2R, L2030 Sh & O ol
56 R AN B[] 1)

B 5 k) 5 o T e A A i A R RO R R L 2R R S, DU TR A . RS FEAR I
AN K —A e B4 (K /N M seq len=8=8 X feature_num) , %ij tH by — 4 B0 40 ( K /)N N feature num) , H
feature_num 3R/ FRAE A4 i LB 0B XU AF ) o

B2, A AR R P O AR A % 5% Ak R Py Torch i it , I 20 LRI 25 30 e ARG 4R, DA 5 2 A B AL I

, (19)
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GRAPEAL o T R A R AT A R 25 AT Al BiCHE 9 7% A O PyTorch 1 TensorDataset, Jf-iffl i DataLoader
HATHE I N %% . DataLoader AT L [ 2 47 HE VR K] 43 EHE UE R N R4 ) DL S 2 2 A8 2k, il R B8 v 1 I 25

s
;

A Sk B LSTM BB transformer 455 5 LA J2 sLSTM F1 mLSTM Bk &b B AE 2 b LAk 56 . S~ T b B
T B 5 TO0OKS 1, AN 9T R T ROAK 8 220k (grid search, GS) % S HCHEAT AL . # H b5 2 fe/MERE
RUAE DR AE b 3 4 %1% 25 (MAE) , I 3E £ e AR S 8L & AR SC N T

1) HR 45 2 7% SCHR[19-20] b 28 56 1 5 2 8048 2% 25 (6] O < it i 2K /)N (bateh size) i E{H 4 32,64, 12852 2
# (learning rate)fF P&l 4 0.001,0.01,0.1, Yl 2% K (Epochs)I5 2 {4y 20, 30,40,

2) N SR A 8 AR R BN 2R AR (/N R 1 748) RN A (/N g 437) #E AT R 91 5 R A

3) FERR RN rh 43 B AN [ A it Bt /N (2% 20 32 A1 25 S 300 B30I R A 780 A HG e K 4 by
MAE.

4) oS A4S0 MAE (|, F B st B S B A 4.

e 20 B S BCIN R 1R

®1 EHESHR
Table 1 Model parameter table

KA S E R
MER S 1748
ilhne 437
LSTM Batch Size 64
Epoch 30
Learning rate 0.001
Pl S 1748
RS 437
sLSTM Batch Size 64
Epoch 30
Learning rate 0.001
RS 1748
a4 437
mLSTM Batch Size 64
Epoch 30
Learning rate 0.001
iR 1748
ilhnE S 437
xLSTM Batch Size 64
Epoch 30
Learning rate 0.001
Pl S 1748
RS 437
Transformer Batch Size 64
Epoch 45

Learning rate 0.005
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3.3 FEMIER
A S UG BE 34 7 R 25 MSE ME I 46 % iR 22 MAEVE M IEM $E 41 o
MSE [ W 7 4% B 15000 {8 5 B S (8 22 6w 22 09 7 12 . AR

I3 s
MSE—n;(y,- )7, (20)

Horp oy, KR 80 i BLSHE 5 9, R 58 i D WUNAEL s n 9 BEAS SR

MSE i i X 15 22 - 05 AR 7 23R 18R B 5% 2 , TR 1M BE 8 A A0 JRR ot A 412 0000 v 25 i 22 ) ) e
X T 22 DX Sl HR S TN e g JR) AR i A O 3, MSE BBt T 8 i A AR

MAE 37 FUIN #5092 (8 22 [) 46 %) 158 22 0~ B4, A =0~

MAEZLEH:

MAE it 3o B4 71 53 90000 % 22 1) 266 Xof (i, S 000 M S e 1 A R0 R (A T A o7 2R 22 K. M L MSE,
MAE X 5 5 (B AN UK, 5 R S IR A 28 7 25 5 0 AT 55 v A S B B o

4 ZWHEREHW

4.1 EERIEEERT B &5
Sy YA T PEAL AN TR RS R AE Z2 DXl 9 AR S0 AT 55 b py R B, X LSTM  sLSTM .mLSTM . xLSTM Fl
Transformer 5 FRLRIEAT T HO#C . AR A9 S50 25 36 2 BT 7, (i FH 24 07 1% 22 MSE Fl-F- 35 48 %) % 25 MAE
PERPPAG 8 A5, LA WS R A T 000KG 8 AR 35 2 4 ol 1T ) 6 B
F2 FTEEBNARZETEE

Table 2 All models prediction error

Pi-yil . (21)

LSTM sLSTM mLSTM xLSTM Transformer

Models
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Metrics  0.009 3 0.075 0.004 5 0.049 0.004 3 0.047 0.0030 0.035 0.004 1 0.042

TE IR R R R AL FE b

MR TRl LA, xLSTM B B 8 BT A3 X L A% 80 oy 3 B f A, BA B IR A9 MSE (0.003 0) il MAE
(0.035) , 2 B HAE £ X 35 ¥ o7 T4 FE 0000w LA 58 1) o 60 1k R TG A T 35 22 . 5 LA S AU A L L xLSTM
FIE 8% T G by 4 B T B) 5 20 B5 0 v 00 2 A AR O &R L AR IR AE 22 KB IUI AT 55 b, 800 R T AR O

5 Z #H 1L, Transformer 155 7 F 4R 2 B A 55 , MSE 47 0.004 1, MAE 4 0.042, {i T 1% 45 i) LSTM (MSE
0.009 3, MAE 4 0.075) #l mLSTM (MSE 4 0.004 3, MAE JJ 0.047) , {H H: 75 I K& B 75 R J2 xLSTM ., % % B
Transformer 75 4 $& 1< 4K 01 OC 2 F Ak B A2 24 R AiE B A — @ L 5, (0 xLSTM 7E BRI 254 [ B HL&F X% | BB
{5 T A 200 b A A T AR

AN, SLSTM FI mLSTM 75 525 v % 26 I A 82308, 43 51 26 30 HH 48K 59 MSE FIl MAE {8 (sLSTM f MSE
43 0.004 5, MAE 4 0.049; mLSTM ) MSE 4 0.004 3, MAE }y 0.047) , #1 % F LSTM A& f $& 7 , B A5 A K&
XLSTM.,

Sk TR T U  JR T 5 A TR 1 TN AR R s A TR AR TR 30 25 R AN ] 6~10 BT o AT &5 SR 1A
Al DL S, xLSTM 5 Y 7 4806 52 B Fi ) 30 #E 50008 19 2 R b, B BEORG f  J00 000 il £, O AE 2 A KU He
T AE T b J BT A 0 3 MR R
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LSTM Predictions vs Actual (Zonel, Zone2, Zone3)
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Fig. 6 The prediction results of the LSTM model
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Fig.7 The prediction results of the sLSTM model
mLSTM Predictions vs Actual (Zonel, Zone2, Zone3)
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Fig. 8 The prediction results of the mLSTM model
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xLSTM Predictions vs Actual (Zonel, Zone2, Zone3)
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Fig.9 The prediction results of the xLSTM model
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Fig. 10 The prediction results of the Transformer model
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42 HEEIw5MR4L
TEARSZIS A F X xLSTM BRI b (AN 6] J2 4 A, PEAT T Rl S 58, VEAl 4% 2 416 0 Z2 X sl Ha, Jfg 7 4 000
£ 55 B9 . xLSTM & i sLSTM Al mLSTM AH 45 & Y 45 8 28 44, R SCi% i1 1 A [R] 10 )2 4 & 45 1) o gk 47

AR T LA JLAN A [ 69 2 20 45 50 B R 2R AT T Rl S 56

)smm: %5 1 )2/ sLSTM, J5 1 2 )2 8 mLSTM.

2)smmm: 5 1 )24 sLSTM, 5 1 3 )2 4 mLSTM,,
3)msm: 5 12~ mLSTM, %5 2 )2 N sLSTM, 55 3 )2 mLSTM .,

4)msmm: 5 12 A mLSTM, )5 3)Z 5 mLSTM,
X 3 B8O 6] i B ) xLSTM A A YEAT I R Ak, Fe M1 A e g L B AL W2 H & NI & £ X

Sl EL g A TN ) A P AR E A
X T4 — Bl xLSTM JZ A5 AL &, WF 58 48 TR 1] 69 Y1 25 5 A0l 48 A7 U 0 55 0 A 0 552 4 36 v 1) BT A5 6L
T Y8 Al AR ) 8 2 BRI 5, A 9 27 2T 32.(0.001) bR K/ (64) L RN ZREE U (30) o AR T4 4 A

K F MSE I MAE , LA X 458 780 P4 B 1E 17 4 T 19 70 A7
AN XLSTM JZ 240 A P B 19 SC B0 4 2R W0 3 B/, R gl i 17 B B AL A a4 1 A9 3R B, £ 4% MISE A1l

MAE,
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F3 xLSTMEERERAEGHBTNIRE

Table 3 Prediction error of different layer combination mechanisms in xLSTM model

R A S MSE MAE
msm 0.005 7 0.038
msmm 0.004 8 0.029
smmm 0.003 0 0.035
smmmm 0.005 2 0.031

TE IR 2R A6 b
IS 25 AT LU A [ 69 )2 20 4 S50 XA R A MERE A — E 20 . JCHR smmm [iC ' 75 MSE #l MAE
AR B T A BIROR 23 50 0.003 055 0,035, T C B H A fie AR B BN PR BEANAS E T, REMS AT RO AL B A2
A 1) 22 DX Sl HL 7 9 AR TN I A

5 & &

AR SRR IR B K 5 5 I TR ) 22 DXl HR O R TN [R) A, T XxLSTM (97 J K 8 1011042 I 4% ) s Al
A9, 5155009 LSTM 1 Transformer 5 8 JE 47 7 X3 Lo 4 M o 38 a5 % B, 77 78 #E 19 22 X 3l s e B 9 ik 47 1R
NG BT, ASBIE 5 BE W6 A7 R AL B AT 24 ) B P 6 3R, I ZE VB 1 R T B A8OR B R T AL G R T AR bR
N T .

B9, S BT W], xLSTM 45 4 7 sLSTM F1 mLSTM ({4 3, BE % B - b 4 41 A [ DX el 2 1] 114 B ) 4G
C Z P T A8 58 LSTM B AL A% 22 DS F00 AT 55 v i) Jmy BIR M o 3 3d Xof vl g 30 8 0 0 47 22485, x LS TM fig
% 7F 224~ DX Sl ) 3 2 5 0, 48 e T 0 o A PR R R L R, SE IR 45 R R, xLSTM B AL 7 Tl A 2 Uy T
HAW B, 71522 (MSE) 8 0.003 0,3 48 % 15 22 (MAE) 4 0.035, 8] & 4t T° LSTM #l Transformer 52
R UFEBH T2 07 2% A 22 DX 8 FL g T RE T v ) A A

I Ja AR SR AR SRy KR K9 U T B TR v ) R DR A B AR T QB Y B R S HE . xLSTM 1 i H
ACHR (R T HL 7 SR ) A T A A 2 AR % B O AE: 55 SR AL OB B R BE RN VA . ROk AR SR
— A xLSTM B Y () 485 #4838 T 22 50908 VR A el o B v, AR RS 80 1) 37 Ak RE 0 AR T
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