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Short-term load prediction method of distribution networks considering weather features
and multivariate correlations
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(1. Key Laboratory of Power System Intelligent Dispatch and Control (Shandong University), Ministry of Education,
Jinan 250061, China; 2. Key Laboratory of Smart Grid of Ministry of Education (Tianjin University), Tianjin 300072, China)

Abstract: To address challenges in short-term load forecasting for distribution networks, challenges such as the impact of
complex weather features and the difficulty in analyzing correlations between different feature sequences using traditional
models, a method considering those issues is proposed. First, the method presents a multi-variable rapid maximal
information coefficient (MVRapidMIC) to extract highly correlated weather feature sequences. Exploratory factor
analysis (EFA) is then employed for dimensionality reduction on these sequences. Finally, the dimension-segment-wise
(DSW) and two-stage attention (TSA) mechanisms are integrated with the Informer model to enhance the model’s ability
to analyze correlations between different feature sequences. Simulation tests using historical load data from the DTU 7K
47-bus distribution system validate the forecasting accuracy, robustness, and timeliness of the method.
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Fig. 1 Structure of DWSInformer

FEA N H, DWSInformer F55 74 i) £ 2% 56 3 41 faf
TR 72N
Vi = Sowsmtormer (V15 Via>™" " kap) (18)
K fowsimome 2 DWSInformer Fff P ; v,
kI ZI TR s A& p NI RIZE B S RN,
o~ T T00 24w i 1E) 28 s v, I 25 o AN ]
A A S TC R A A PRI T FH R (18) 75 21

3 EUTUNRERIIZIRE

X6 i R PX A 7 s T, AR SCRIFH B 15 min
DNRAE R R D7 S e A, TRk 1h WIRIECH
WA A7 47 51, R A 220 KO 4 (1) Informer 15252 .
TE OIS AL N AR AR L b, H T 25U R ST
(RIS [E] 2 Fe e i HAG EAS A, WK I e S 5 4k
AR R R ARSI, R 5 T o ) 7 sk £ s
gEE, SLFRIM G NFEFE. MVRapidMIC-EFA 1)
DWSInformer Tl Y (1) HAR TS BT o

1) Hd A ST E ) A7 A B A R Bk
ASCERBCRAE SR 6 N FME TN .

2) H—4k: ASCAHEH Z-score FyEBHATIH—1L
AbEE,  DABRIR R AT 3

3) BRI 5 AR SORAE FHRE SR A (B VA AT 3L
T 4 (A IR () BT S 451

4) FRAEGR e : @I RS D SR ()RR S
T FEL ) 797 7 810 2 R PRI AR DR P AT 2B, 3RS T
AT 55 B PIAR DS HURRAE o« B2 TR TN &, BN
FHIE 7 9 B3E 5 R ASRFEA R 1) 5 AN BEHBIRS
SAEM T s A T S ORI s s, BARGR B
BRURERN . KA E K, KR AT
Rk AT B o S NHRAET H 2 LNk 1 Fios.

YRHEFAH, —H « Hg—H, FH,—H, X
F MVRapidMIC 5H2: (1) 2 A8 SR AT A S #T,
HABARAE R F) MVRapidMIC 592 1) B AR B L,

5) FRAEFEYE: 7EOR B IR ARHHIE L ARAE B 1R 2L Al
b, SRH EFA X3 EUWRHIE 7 51 347 B 4 b 22
6) EZEINZ: N A ER Ly FIARFAIE 5 B R ) 7 A
51| ¥ % DWSInformer % N4 . #2455 DWSInformer
BRI, R E M EdR %R 7:2:1 1kt
BRI AN ZREE . BUEEEANIREE . X DWSInformer
AT B LR S, 9 B TR
1 BMNBEFRIINENX

Table 1 Definition of input feature sequences
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Fig. 2 Training flow chart of the DWSInformer prediction
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Fig. 3 DTU 7K 47-bus distribution system
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2014 SERAER —R, BN k.

A SCHE R )4 Python R A #3E 47 Il 45 &
DWSInformer TRl AL IER Pytorch T EFHREAT Il
%, HZHKEBENEK 2.

TFENECE N Winl0 R4, 4 P54 Intel Core
i7-8700k &%, FAik 3.0 GHz, WAFHN 16G. &
R NTAEIE GTX-1660TI, EA7H 4 GB. ASCRA
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JERITERE .
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Table 2 Parameter settings for the DWSInformer prediction model

SR SRR E SRR SHE
features MS e_layers 2
freq 15min d_layers 1
seq_len 96 s_layers 32,1
label_len 48 enc_in 3
pred_len 4 dec_in 3
d_model 512 c_out 3
n_heads 8 d_ff 2048
factor 5 dropout 0.05
padding 0 attn prob
distil True embed timeF
activation gelu itr 3
output_attention False train_epochs 100
do_predict False learning_rate 0.0001
mix True Iradj typel

4.2 RERG 1: FHELER AR
4.2.1 FFAESE BT Bt
Wtk 2014 FFRNREF P (BHE RS Pt
R [)) 5 TE B 9 47 mf 72 471, 383 MVRapidMIC
FRATA R b, BARGE R AL 3 s
xR 3 BRNFHEFSI(BIEXRS. HEFeTE)SEEM
AT %A MVRapidMIC 1B
Table 3 MVRapidMIC value of input feature sequences
(including weather, historical and time) and distribution

network load sequences

Hk INFHEFS]  MVRapidMIC 18 I} [8)/s
H\—Hs 0.76
He—Ho 0.72
Hy 0.88
Hyy—Hy, 0.93
MVRapidMIC o 021 1.8435
Hy; 0.89
Hoy 0.29
Hys 0.42
His 0.81
Hy, 0.69

AAGE W E RapidMIC 5L B EN 95%, H
7N MVRapidMIC B H 3R i 5 LT p 24 0.1%,
HSHEPAE RapidMIC HIBIED, #E 43EAN
NEFEFEHI ) MVRapidMIC {5k 4T 0.51 i,
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M3 ATLUE H: BAURERN.. . K
B KHL 5 AN EAARBOR S AT 0 g s A far DA
IS R I3 5B AR AT SERFAIE S5 L ) 67 Al 5 41 v A
Ky MRAE R FIF G FE ) MVRapidMIC 1
PR T3 e M RME, R e SR RN 5 751 2
[ RBE R 5g . Rk, TERS T A E R RS
JE -~ U FIRE X 8 B SR, CR B AR 24 NMRINRR
fiE, AR LR TI0INASE 2R (0 o A 1 RO A

XA RTINS I N 4), SR S P,
H, AF-DWSInformer 11 . MIC-DWSInformer 57,
RapidMIC-DWSInformer 1%, CTE-DWSInformer £
AUFT MVRapidMIC-DWSInformer #57 f{1iz47 8] 43
5N 168.85 s+ 154.53s. 38.63 s+ 19.09s f135.77 s.
FT A ERMANFEFFEFEXRS . AL E)SECE MG
%5!i) MIC/RapidMIC &
Table 4 MIC/RapidMIC value of input feature sequences
(including weather, historical and time) and distribution

network load sequences

NUE AR SO SRR SR I VA (& B, B4 g NAFAE 51 MIC {f RapidMIC {
HHFAEFT 41 (all features, AF). MIC JEHUFHRFAET 51 Hy—Hs 0.77 0.77
(3 MIC 15 W3R 4, iZER AN 7.9234 s)\ RapidMIC He—Hio 0.71 0.71
HEHLYRFE 51 (3 RapidMIC (R WL 4, 325 . o o
[ 1.9809 s) HSEHE S K IIRRAIE 51— R AR | oo on]
J5£ % N (cumulative temperature effect, CTE)% 1 Hys 0.89 0.89
A DWSInformer i 455 Y (4R 1E - Fl 5 N, 5 Ho 0.29 0.29
MVRapidMIC-DWSInformer FFilI4, F3k47 Lz (LA Hos 041 041
5 T EMFELRITS AR ST U B EL AR
Table 5 Comparison of load prediction accuracy by different feature extraction methods

MW
THAE Y i = s x e

RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE

AF-DWSInformer 9.461 8312 9453 8306 9722 8647 9518 8473 9538 8435

MIC-DWSInformer 8.171 7.036 8043 6935 8364  7.178 8417 7229 8248  7.095

RapidMIC-DWSInformer 8.171 7036 8043 6935 8364  7.78 8417 7229 8248  7.095

CTE-DWSInformer 8256  7.147 8285  7.159 11963 10492 12375 11451 10219  9.062

MVRapidMIC-DWSInformer 8019 688 7938 6765 8278  7.015 8306  7.173 8135  6.959

B S WTDAE e 00 4 R SRR AE D9 Tl
B IRHAERIN A5 B TUAR 2 S EIIRS B2 AR DA
FANERRT A 8 MIC SEFATRHESREL,
AT A 34 = TS B2 (RMSE. il MAE 43731 FEAIK
15.64. 18.88%), fH & IIZRET AR K. 1 H
RapidMIC B3 m] DAZE CRIUFAS FEAS AR I L
GRS B> T 75% A% FRAH S B R 1) R AR
T 2 BSOS AL AR R AN, ERAR T DASE B
B PR TROMI RS B AN S N R R, (H R B i
W7 o IXSE R NP IR AT e TR S5, BEAKFIR
WEEHERKAZE, Ha Il XS SWm KA. &
AN 18 AR LS, AN B4 1] S B R SRFAE XS
FAF IR, Kk, 2 RAERERETEIR
I, HAERK A ZR I PR 22 50K .

LA B3 A A BEREAT B AR - PR R AR B )
T RFIE SR B 7 i, A SCHE H ) MVRapidMIC-
DWSInformer 77 V% B A i i I TIUIIAS B2 AN H 1 o

[EIEF, FLIZkm A AH b RapidMIC-DWSInformer £
%, X T 7.40%, HAEEFRIIIZG8%E.
4.2.2 'R B 4E 7200

X B T N REAE 7 FEAT R AR PR 4, T Rk
BT T B D) 67 A TR0 2 B2 (A5 0., TR PR TRUIINAG
(RN AN RSBt . AR SCR A BFA B, X2
H ) 24 ANNRFIEEAT B4R AL B L 43 31 (1) 77 22 53 B
FIR T3 9 FERE 45 R 2 6 F1Zk 7.

6 F1R 7 Al LLEH: A ST S NG A %
BT RS PSRRI AL T, X 3 AR

FRo6 FESH
Table 6 Variance analysis
AHRET FHIEE T3 ZETTHRE % RMTT ZTTRE %
AT 1 7.020 54.040 54.040
AR T 2 3.768 29.003 83.043
AIET 3 1.023 7.876 90.919
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Table 7 Factor score matrix 9B 3 A ASEEE T T 24 MR KHER B
N INIE INHE INHE INHE N o RV v . W
ol O TUT O BUR g BT BTR o BUR LRI BRGEE, TR R s L B &
Hy1 W12 K73 Hy1 HWr2 K3 TN
H, -0.013 0173 -0.021 | H;; 0.167 -0.041  0.060 RO i N
H, -0014 0.174 0020 | Hu 0.166 —-0.040 0.060 NIBAE BFA &EyEMA M, BHESN5
Hy -0.014 0171 -0.019 | Hs 0.165 -0.040 0.061 PCA. ICA F1 FA S5 45 1F F& 45 77 v 347 %6 B (LA b
Hy 0015 0.172 -0.023 | H 0.164 -0.040 0.061 T8 2F B TSI A K 1A o A b ST 4 s
W o aim o | o omo o IRALBUNS KN 4 BB T
Hg —0.015 0.180 0.033 Hys 0162 —0.039 0.062 MVRapldMIC i%l/jé E,:J TNSEX gn %) ° ?Jﬁ UHU én %Xj‘ fo ﬁﬂ
H; -0.016 0.181  0.032 | Hyo 0.161 —-0.038  0.062 % 8 Firn. HiP, PCA-DWSInformer ##Y, ICA-
Hy 0016 01820031 | Hy 0160 -0.0370.063 DWSInformer #% . FA-DWSInformer # %51 EFA-
Hy -0.017 0.183  0.029 | H» 0.159 —-0.036  0.063 s T o Y= 2= hT 2 B
Hie -0.017 0.185  0.028 | Hy 0.140 -0.012 —0.081 DWSInformer 457 {12 17 N [8] 73 1 4 22.46 s
Hy, 0169 -0.042 —0.068 | Hy 0128 —0.015 —0.079 2494 s, 30.19 s f127.08 s.
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Table 8 Comparison of load prediction accuracy by different feature dimensionality reduction methods
MW
4 j & T4
R % = s S
RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
PCA-DWSInformer  8.034 6.953 7.926 6.687 8.265 7.154 8.206 7.109 8.108 6.976
ICA-DWSInformer 7.192 6.077 7.425 6.395 7.649 6.588 7.617 6.539 7.471 6.399
FA-DWSInformer 6.752 5.641 6.756 5.679 6.898 5.739 6.921 5.874 6.382 5.733
EFA-DWSInformer 6.307 5.285 6.437 5.336 6.475 5.383 6.492 5.396 6.427 5.350

B 8 TULVEH: AT FRNER S, 4
P S A R 08 AT LA P L TR A7 i B A T N HE
K75, H EFA-DW SInformer 578 frt) 0K 7 Fc
T ELSAE, H RMSE F MAE % T34t 3 Fhsii
B, TR SRR A AZE, 4 P Ay
[ TR B2 3 BT R B . AN, EFA-DWSInformer
R (1) FSUMRE FEAT SR8 e v« AHLL T H 2%, EFA-
DWSInformer %4 ft) RMSE X1 T 1.75%, MAE
BINT 1.49%. 1540 3 ANSHEER ) RMSE 455
WY 3.20%. 4.44%F1 2.30%, MAE 235t hn 1
4.56%- 5.25%7H1 2.59%. TEYIZRAFETTIH, HIR EFA-
DWSInformer HyEAHXTF PCA-DWSInformer &i£H1
ICA-DWSInformer 537312 | 4.62s F12.14s, {H
FHF35 RMSE 23 BIBEA% T 26.16%- 16.24%, 3%
MAE 5 5K T 30.39%- 19.61%.

A b A7 345 SUE B AR SCRT SRR AR 8 5 VA
N7 BT IR B S B 4E 5, B B i kS
BE . SRR
4.3 FAERE 2: FEGfrFmEBAE B X b ik
4.3.1 5 EERE T AR AR L

N T I8 UF DWSInformer TRIMAR RS (A& R, WA
TR 4> 5] 5 RNN. LSTM. GRU. Prophet.
Transformer I Informer 45 6 FRERYHEAT ELAR (DA I
Sof W ZH T 25 K3 4, RNN. LSTM. GRU.

Transformer 1 Informer FJYIZRIEIREIEH 100
X, Prophet NIl B /R BERBESRS RIE T, 1H5HE
BAF X ]I B RFERHCN 1500 70, BT A4
8 FH R4 NRFAE T 510359 MVRapidMIC-EFA Bk
AEFRE ) 3 AR IR T, HIAIR WK 9.
R 9 TEMRBITUNEBERY LR
Table 9 Comparison of predictive performance

among different models

MW

e WA TRRR
RMSE MAE
RNN 16.353 15.759
LSTM 15.618 14.256
GRU 13.592 12.098
Prophet 12.218 10.951
Transformer 10.375 8.786
Informer 8.146 6.837
DWSInformer 6.427 5.350

R 9 MTLAE H: AT T G Ko
4 If, H RMSE #l MAE ¥4 T &Sl H
R =, DWSInformer £ 7 ) RMSE {85 Informer
AT 45 AR LB T 26.75%, 5 Transformer.
Prophet. GRU. LSTM A1 RNN #Htt, RMSE {H%>
WML T 38.05%. 47.40%. 52.71% . 58.85% Al
60.69%. DWSInformer #%[1] MAE {E5 6 FX}Hi
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BRI, 2 HIFEIR T 27.79% 39.11%. 51.30%-
55.78%. 62.47%F1 66.05%.

9 ST 45 5, ASCRENLIE RS 2014 FH—K
0 B VE N TR IACAE A, A A R T AR 284 (1) Tt &
RE5ESLEHR AT, BARS RanE 4 fios.

380 T
— B I
360} - DWSInformer
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4 DWSInformer &8 5 H R AT EE
Fig. 4 Comparison of the DWSInformer model

with other models

MW 4 vJLLE S 5HAL 6 T,
DWSInformer A5 8 AT DL -t A0 35 S 7 47 20080 o
RN FH DWS i AALEIFT TSA AL ] LA 2 45
B AN, DA 2% e 5t B A DG I ARRAE
FHIE S, Ak, DWSInformer 14 R 45 R
o 1R ZE R X LR S 815 DWSInformer Tl
HEETRY B B G b 3 N S AR A e, A R T T
4.3.2 AS[F) PRI A5 K56 B

IR AS [E] F50 25 K %5 DWSInformer 45 %4 7
MPERERIFEm, R ML IR TP KN 8.
16 F1 32 4100 AR T 0 25 SR 3k 476 B (BT AT T
TR P [ B NHFAEE N MVRapidMIC-EFA 533
AEFRE ) 3 A AFERE T, BIAR AR 10 Fros.

10 iTLUE H, fEA RTINS K E A ST
PR TR F TG B . BEE TRNE KB, 7
b S 28 (1) 15 22 35 B o B ) R EE () 8 g 386 m . (HL
DWSlInformer #% [] RMSE A1 MAE 18 484%, 365 il
/No XL H T DWSInformer #7 fE %3 1 DWS #ik
AMLHIAT TSA AL 5 R h B AR AE 55 47y B0
Z A SN, R B A R MR B
FIBLA R g OO e, DT ZEAS [ o) 2
KR SR B e 1 TR R
4.4 HERG3: EEEHTHISETNSHT

NYAIE DWSInformer 5 R7EESE H T B 6 fhf
TR b FAE A B R FE RS e, AR 7 Fl
O AR 2R PR TR 1 5t 47 6F bE (B A TN AR 2 A
% NRFAE 7 511454 MVRapidMIC-EFA 5% 4 #

10 NES KRBT 14 BERIEEER
Table 10 Comparison of predictive performance among

different models with different time steps

MW

ey Pk iRl
RMSE MAE
8 26.525 25.227
RNN 16 35.001 33.779
32 56.080 54.928
8 24.224 23.188
LST™M 16 34.578 32.671
32 43.191 41.591
8 20.959 19.133
GRU 16 30.764 27.933
32 39.297 37.769
8 18.250 16.010
Prophet 16 26.250 24.301
32 30.883 28.297
8 15.393 13.379
Transformer 16 22.120 19.786
32 29.830 27.211
8 11.944 9.992
Informer 16 16.539 13.505
32 22.051 18.638
8 9.424 7.819
DWSlInformer 16 13.049 10.568
32 17.397 15.585

JEH 3 ANAEETF), M 2014 FAHFEYLESE 5 M
SEHBHTIINEE 120 hy, TSR B S fis.

450
4001 A
z
S 350
LI'
= 300
L Prophet
250 - RY
—LSTM
200 +RNN L L L L
0 20 40 60 80 100 120
IR Ti)/h

5 EEH T ARTUNARB TN LS R 3Tt
Fig. 5 Comparison of forecasting results of load

models in continuous days
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Wi BAR B 5 A B [AIAR SRR Il . P LR 1
(RZESRAER, TR I A B AR AE SRR B4,
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