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Multi-data prediction method based on GRA/EEMD-Informer hybrid model for

photovoltaic-storage-direct-flexible distribution system

WANG Bingzheng', YUE Yuntao', LI Binghua®, WAN Shanshan'
(1.School of Electricity and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044, China;
2.CADG Group, Beijing 100013, China)

Abstract: Addressing the issue of low accuracy in predicting short-term power generation and consumption data for the
photovoltaic-storage-direct-flexible distribution system using existing time series models, a multi-data prediction model
based on grey relation analysis (GRA) , ensemble empirical mode decomposition (EEMD) , and Informer, namely the
GRA/EEMD-Informer is proposed. This model effectively captures the precise long-range correlation coupling between
outputs and inputs through grey relation analysis, modal decomposition, combined with a self-attention distillation
mechanism. It reduces spatiotemporal complexity and significantly alleviates the limitations of traditional encoding and
decoding methods. Using data from a photovoltaic power station, the electricity consumption of typical office building,
and an electric vehicle charging station for a certain month as the original data, the model is tested using evaluation
metrics such as mean squared error (MSE) , mean absolute error (MAE) , and root mean squared error (RMSE).
Ablation experiments and analyses are conducted, and the results are compared with those of long short-term memory
(LSTM) , particle swarm optimization-based LSTM (PSO-LSTM), and the transformer time series prediction method.

The results indicate that the proposed method exhibits significantly higher fitting accuracy than other prediction
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methods, verifying the effectiveness and practicality of the GRA/EEMD-Informer algorithm in enhancing prediction

capabilities.

Key words: PEDF; GRA/EEMD-Informer;photovoltaic power output;building power load;electric vehicle load

K B BEGAR 7 G R 2 AT HY A A% | A% i i
FE D 45 A0 AR R Bl EE AR )T Y TR AR R TR R
oy R R LA DR ARG T RS TE—
E TR I % i P R E B [R) E LR e S e
9 AN VC TE AT £ &5 v, 99 45 Sk Al R 7 L, 52 1) H I T
AT I ) L AR R AR VA B R T Ok
fif B 2 (photovoltaic, energy storge, DC, flexible,
PEDF ) BUBC HL R 40 & Ji JEL 6, i o 5 R A0 o 37 7
JH Ha A B R e ) P 5, G o i — i 0 A
J Y At i o T S M R R e T LA

P, T PEDF BCH R 48 A & iz 8 H 1w
SRR GRS R R SR T A L F BV
Ao R AT 0 30 T 36 e R H R ) A A R L
RGN S = i1 =2 G RS RN P &
B2 SR MBS WE ST, ] o3 R SE G A ) B
B R 2 VAR RUR E TR AR L H S T RO kA AR
oo H UG T A Ak L L b
A S A R, X B A B O R ok
R B M R AR R s HILRS A4 )RR I 2
SRR O ik o Bl 7 S BRI & N A
2 W 4 B 1 5 B A B AL I Bl PR AR R A
25 B AR A R AE 23 3 BUBCHE B K B0 TT AR, 52 e T
DURG JRE 0 R A T S T 40 R Y B 5
Dyt ALy 3 4 B4 46 (convolutional
neural network, CNN) | f ¥ #ft 28 % 4% (recurrent
neural network, RNN) 4 . K 4 #] 12 12 M 2% (long
short-term memory, LSTM ) j&& — F #5571 RNN, 4
LE i 9 RNN, LSTM B % 76 K 7 41 v A7 38 4 3%
B, DR T S I 25 AR v A A R T R RN JE AR
FE R, DA AR 22 2% 5 45 10 R LSTM IR G B 7Y
PEAT G0 fur T (H RNN & F 5 51 4 8, 75 22 1
HEBN T 914k 5 2 Ak BT B 1 2 ) A 2 55 A
AT AR AL Z 5 A RE A A 31X 23 3 K & B[] T
BY L MELLSEBOFAT AL FE Y T Transformer B 2
— Pl 3 T3 7 77 (attention ) HL il 4 Jin 3 78 B 24 > 3
PR, AT DL AT IR AT AT A H A 32 B ik
I 18] 52 2% BE A o P S DL R G 5 — il B 2
(encoder-decoder ) 5 7 [ 47 4 5 (14 B >4

LSTM. '] ¥ 1 ¥ 5. JT (gate recurrent unit,
GRU) | Transformer &5 5 T I8 & 2% > #2590 28 1

oI A5E Y A L L ) (] A FAT: 55 e S S T
ANEE R o SR I ] B S AT AR R — A B
Pk A 1 0] R, PRI A A R A o R R T 2 R A
L, UNBCE BT R A R R S B0 DL S A
A L, A T AR A Y T 45 AR R X
PEDF it Hi £ 4 1 H AR B0 BEAT 256 7% JEORIIF A
TS e b, B () 91 1000 A5 A A S A Al A R
iR, H FE A i 4R B T e R A AE, LA
R XoF ESF i) 7 4] 90000 4SS 0 1) o e 8 — R T 3
BEXF LA B[] B, Ay £ e 100 I0ORE BE R Rk 4R
BE TR A5 O HE BE 4317 /4R B B RS 43 i (grey rela-
tion analysis, ensemble empirical mode decomposi-
tion, informer, GRA/EEMD)-Informer & & #& %I f1Y
A 1] 3 471 $0300 7 5, %) PEDF e i 3R 48 22 B0 i 17
T, DL $4 5 i 25 7 5 4 o) i 25 R O MR iR 25 A
R ALPEREPE M 6 A5 L JF 5 LSTM B TR HE AL
k. (particle swarm optimization, PSO) % ¥k it K 45 1]
IE1Z M 2% (PSO-LSTM) | Transformer  Informer & £
PEFTXF L, B0E GRA/EEMD-Informer 88 7 541

1 GRA/EMD-Informer ¥l 7255

1.1 FREERALE

ABIESE R 3 2B AR AT SE 0%, 43 i) Ry 2018
AR 6 H B JGAR K r ulh A | R 2N EE SR H ) 8K
Pt A B 2022 4F 8 A #& H L 8 1R 4 Fo e sl B . 6
PR Az o 3l B AR R s G o AR PR R R A
Xof Vi A DR 2R A i AR N R SRR T B R
FHA ST 5 DXCRAE X ] 19 A7 ) D) 22 TG 2y 2y 232 i
VE Ry 8 faf REAIE , L B0 7304 38 F Sl s A7 85000 A 46 — A
DR AR BRI JE D DR AR TR K )
RS . B4 BPs 5 4t 2 880 4 I & A, Hrpol
TR& H Sl IO R SIS AT O SRy B B A A T B
B BRI s AT B0 S 1B 4
L1 S B A6 ) B o 4

JE 4R B A (Y B ML 7S R R R BRI R &S
SO 45 TR 7 A AR 22 AR BE 5T X RO AT A 4 R
B A I 5 R e b o L B B S R A b B SRR
B 0 A R FH 30 gt R A T A AR A R
{H L PR R A 1 5 1 5l o A B ) 9 KR E 5
S B i) ot 25 A R A5 R PR B vk BN R R AR 4



88 I <

2024 4F5 H

£ N TR S R I E S & iy R I ST S ST 38 Bc 2
BRI I 2 0 AR, 3 i I E () AN
PRt 2E o (), MIEE N K 4 Bk 20 850808 04 D B 232y
|E()— X(N.i)
o(i)

T H - K ] T SRR AR (E () —
30(7),E(7)+ 30(d) )W Bl , WS 7E I3 0 )
B

(1)

E(N, i)

Oh S AR R IO A 7 s e, B
XU“HZX(N—L0+X(N+LH (2)

2
1.1.2 priEfest
ABIFFE BT SR 04 Jir s B0 A7 T8 A% i e K L e/
155 O, B I 3% FH B o 22 Fr MfE fb Standard Scaler 28, X
JEH 21, 200y 204, +oe, 2, BEAT AR K B0 LA B A
R P TN 53 S 47 (R A ) oL T 2% Ok s 1E AL R
Ik o 38 o T U 2R AR 1Y 7 Y (B RAR U 2% R HAE R
SR BIE RN T 22 B A RO

r=2"F (3)
o

K, WFEAR BRI o MPriEZ . RAHANR
P 1 BT A7 BOHE 0 S S AE O BRE 3T, 1 387 B s AR AR 4y
BIE ] 0 FRiE2E R 15010 .
1.1.3  FdsER o

XoF B 5 £ K 4 A I kAR At A R IR 4
WEE 700 B8 MR, 73 i e 1.3.7 d B 96,
288672 4 H s mi S MK AR A% 8 40V Ry 45 254K
it 5 0 B UE4E
1.2 GRA/EMD-Informer B 8] 5 51) 751 i) 4% 24

4 PEDF T i 58 4t 22 50080 10000 i 4G B2, 32 13
T GRA/% 5 #5385 43 fift (empirical mode decomposi-
tion, EMD)-Informer iR & TIMAR AL, HI55 T AR R4
PR 3R 78 o5 (14 25 ) 5 R B2 32, B0 B P I B TU AR AR
K TR 8585 1 R AR g S A R L Bl R G T B e
FIAEL A . Horp T PEDF L R 4219 GRA/
EMD-Informer 2 £ 45 BUM A A i A2 an il 1 s .
SR GRA JCHK BB AU AR 4 1 A2 % f PR A8 4 2 [l
F18 R DU B O 32 B P 1 AR AT L 24 PR R T G B
FEHEIE 1, RIS AR R BRI D BRI A
B S W 3R G AT R RRAE 1 2 25 B0 R 52 ) R B AT
Sk ) LGS EA) 5 6 AR K H sl U B H 2R AT T 4N
A 31,4 25 50 G 8 o3 i) 5 S8 G AR T A SR
25 I A XHE TR 2 800 5 BB B O HR R
B, MR 2ZE AR SRR R AOCR I
KEERE &, IR OCHR B o, B J5 2% 1> I 2 1 O
B AR BB rh R R SR V- S48, 5 34T HE P R L

Jit s R A

| S R B A

d
e R 5t 3 | 0t 0 R | | 0 2 o i |
\ |

EMD
: it

5 0 i [ ] [imr2 ] - [vr2 ]

R3S

Informer 1

Informer 3

RS RA

SGE STRIEAEN

1 GRA/EMD-Informer T ) #% % 7 A2
Figure 1 Flowchart of predictive model based

on GRA/EMD-Informer

-T/z:‘l'o(lk)*fz(l‘/z)‘ (4)
D + 0 ¢ Dyax
C[: MIN, T 0 MAX, (5)
I/c+{0'DMAXZ
1 n
yi=— > (6)
n =

K » D, sDhiax, VL AU = TN = "Dy, =

min mkln‘ xo( 1) — z( fk)|, Dyiax, = max m/aX| x0(4) —

x,(2,) s AT IR AT R, AR 15 SR HT EMID A
RUKE EAR P 50 647 43 i A O AR D B B Y
G (e), 4080 BT A M KAE W /ME AT, IF SR =
WRE S5 A (B R BB & B R i B9 e L T sk A
U.() V() I AR AL 28 e m (o), P-4 D
U B AR 7 900 25 B A 45 A5 2 R 5 5 e (), A
W ¢ (2) J2 75 T 2 7 3% BB 9 A i A BRI 2 A
A BB 2 0 22 A /N T 1 RAT B 20 ol il R A U
(R 1A 4% 2 R ER A /D 8T B T A 48 2k 1 F- 1
(BN o AT AR B Sy A AR I Ja F B /NEL
BB 38 R & — A A IR L e 2L (intrinsic mode
function, IMF ) , 7 B4k 22 8 &2 DL b 20 BRE A7 3
e R UL BRI — A IMF 435, % c(1)=
Iury, B FH IR A5 5 5 Turd AH ISP S8 09 B 0R 15 o
FE UL, HERNE B IMF 285k 2 r,(2)
JE PR PR B W R 8 B R, R A B A
IMF 20 i fl— 3822 (0 o RS RIT



B39 EH 3N ERTE S I F GRAEEMD-Informerif AR 1 6 b £ 5% B Hi 7 55 2 HCH8 B 7 i 89

()= YLD V(D) Gy 2T RR AU A G A R

2 155 L 00 T 45 07 9 T o5 B4 0 FE38 A A 28 2 5

c()=ax(t)—=m(r) (8) (e A5 5 FUARIF 512 JLrh B AR 1) 3 v 1
r(n)=z(t)=cls) () iy R

1‘(1)226(&—0—;’,,(;) (10) X (de)= Concat( X (token), X (0))€ R ")

t=1

MRS o i 45 R & RRE 5 r A &
14,38 3 Informer 528 HEAT i i F 1 200 L B 28 1RAIL
il — 20 A A R A B O 25 R . e A
FIHLHIE A I 2L |/

Attention(qf, K, V) - E

E, . [v] (11)
b gk o SN REE Q KV IS ifF p (k) g,) =

k(g k; ' ‘
<q>,M¢JJ—w4ig)dﬁ%A%§o

Zk(anz)

T30 2 KL AR 7 M AR o X query F i 14
AT 1 5 VRO, PRk A5 o dR e BORS E , 15E
H query Fll key s FLEE IR HiAx lazy queries i H =
T3 )2 0 A B O (E S, DR AIE R AT R A A
1 & 71 (ProSparse self-attention) J2 iy A 1 i 1 5 51
K —5"™, BT S Rl

gk’

L ak 1 L
K =1 T
I<(JHP> n;e LK; Jd

Ly ak' L T

N 1 &gk

M(g K)=In e — 4%
= L= Va

‘Izij '

7 L gk
M(q:,, K)= —— > — (14)
(0= mpe| S 522

T

- h‘l[z]( (12)

(13)

QK
Attention(Q, K, V)= Softmax( Q VvV (15)

J ey

A (12)~(15) H, K S i AR (9 502 5 ML oA s i
FE B MO MBI s L W8 Q. Q M A A K
/0N B R B o 3 e 2 D P R PIL ) A
P 1) 1 ) il A8 R UIARE , T A S T AR ) A
FRAEFEAT R AL , 70 AR B 7Y 1 28 P 2 1 i A ARtk
AR X AE BEATRERAE . MR BN G+ 1D R 28
BN S R

X/ = MaxPool(ELU(convld([Xj’J ))) (16)

A, [ ], Bz AEENLE; convld £ 7n 45
T U 7 AE B[R] 4E B LA ELU 006 PR . A1 2% R

AB

(17)

K, X (token) € RY =y th 15 51 (1 FF 4f i
X (0)e R Hbp ¥ 51 5 AL 4F , &4 0.

fiff 5 2% 19 B A A 0 ML 2 1R R R E A i
VBRG] Az il 2 3 — 20 2R Bl H A 4 2
JEA, — A i R RS B A i
1.3 TR ZEIFMIER

K M1 5 0% 2% enise T S 48 X0 1R 22 eare S 307
KR 22 epuse YE H GRA/EMD-Informer i il 4% 5 15
22V R bR, AR A X R

(18)

(19)

(20)

K (18)~(20) 1, Ay T 435 5 1 K50 ik 5y, oy, 40 B2
S5 i A SRR Y S B A0 RS K

2 PEDF ZHIEMNERS N

2.1 GRA/EMD-Informer £ 2 i il 45 R

Fie L T 5 SR T0 ) BsF ] 43288 4 0 Y T
W — M S H T AR O A B 5 GE i GRA/
EMD-Informer 45 % %5 5t K iyt 2h & gl ST ) 172
i LB VA B A 3 EiHE AR R AT IR 3l o o
A RST (batch size) | 35 4G &L (epoch) | % ) &
(learning rate) ) & fe (EBL R 19 S50, H 38 0 1B K T
) BsF 18] 0 R, 43 S HE 96,288,672 4 A (1.3.7 d)
PEPE B AT 25 2, 3k 1 s .

Mot R LR ZEM AR bR A R AT LLE
GRA/EMD-Informer #5175 Mg Jj 1 fay X F 2 AT A2
A2 SR M A B b 2 SR A B A I X TR B
Ty 238 J L SR 4R A Aar , T BE = BT R 4 R £
i) S B U0 Bl K 3 B R 22 AR AR AR R . AN AR
KT AR AT DLARAS B Ay i O 5% 22 48 bR 4 A L 9 AL
Bt A5 000 IF ] SIE K 152 22 AT LA ] O 7 — g YE TN
Wl Rik—25 0 5 5 uE s A ) I 45 R 52T
R G A B A MR A5 R AT I Rl S5



90 I <

15

Eid =S 3 2024 4E5 A

%1 GRA/EMD-Informer % 4% & Hml 45 %
Table 1 Multi-data prediction results based
on GRA/EMD-Informer

s PR2Z VN Bl /A
N 55 96(1d) 288(2d) 672(3d)
enisE 0.413 0.300 0.991
Mz e J»
TR &) eMaE 0.426 0.412 0.682
K
FHW Crvse 0.643 0548  0.995
ense 0.112 0.142 0.136
Sfoke /"_z‘
15 . 0.252 0.298 0.283
far T 0
B Crvise 0336 0378  0.369
enisE 0.533 0.659 0.589
LR
‘ CMAE 0.575 0.644 0.615
g 0
eRvisE 0.730 0.812 0.767
22 HEEELER5H

2.2.1 GRA N5

J % iE GRA/EMD-Informer ) 7] 47 ¥ , &
Informer #5589 X6 6 AR 2% | 0 i — J] i+ T R 1R 47 9
78 [\ 55 & 0FF , il i GRA-Informer #5 BY X — A4~
J AR K v ol B 2R AT OC IR B B 0T R AT AR
i . SCHK R ECR L TP A HR O AR AR
X R R BT IR RO 5 R R 5 S B TR
X I A B I A G D6 R B, B A R 3 O I
B SCENAE AR RO AR A X R
BiR B RS S8 PR Bl R O ER B A i R
0.520,0.770.0.769.,0.760.0.096 , H: v 5 52 B 4
PIESQI3 S NP IR IR M TR S
BB S /NI S SO o TR oK B G AL PRI AR
TR IR BT I B AR A i 2 B i A R AE 7S S TR
R HEAT 7, Informer A2 GRA-Informer 75 i 4%
WME 2.3/

2.5+
2.0F
1.5F

360 460 560 660 760
A A
2 Informer Stk & b o7 & Foml 4 R

Figure 2 PV output power prediction results

0 100 200

based on informer
8 3 %t He AT LB Y Informer 52 260 13 00 4% B (1
KA 85 S e i, B A B0 RS i A H

672 4 451 T 45 SR 1 ense « ewar «ermse 7351 24 1.020
0.651.1.010, GRA-Informer #% %I 7E 4 $5 1) i 2% >J
#.0.000 1, epoch 2y 545 ¥ & 45 11T, #0045 5 i
LA A AH X B, eise  emak  ermse 23 51 A 0.991
0.682.,0.995, H evse #H X F Informer 5 8 R [ 2y
2.84% FEARUKG B Pr g v , NI th ok &, G
Y TE T s A 0 A (R A A5 0L R A A AT R SR B

B

S
i

2.5¢
2.0F
1.5F
1.0
0.5r

A

b

0 100 200 300 400 500 600 700
Bp A

3 GRA-Informer Jt 1k 4 8 2 F F7ml 45 R

Figure 3 PV output power prediction results

based on GRA-Informer

2.2.2 0 far FE A b S5

i@ 13 EMD-Informer #5585 Jp 2 7 57 1 J7 %L
PSR E R RERE SRS SH
e AR T 5% TR) VAR S, PSSR R
9/~ IMF 1 145822, 94~ IMF 2 B 1 5040 76 A ]
5 PR ORNAS ) RUBE 09 43 A, 32 i Al F 52 2P
e, 5k 22 I W A K i A AL R R A
INMBEFFIAEAGSKETHEEE, 153
T OHL T B far BOHE B A i R AL FE Luei~Twrs 22
5% 2% R IMF 43 42 R 51 AL 48 Lure~Twro s HL 30 V42
70 L 3 T R BN A B R B AL S Lue~Tues M 5%
22 ARSI IMF 43 152 R 51 ALHE Lurr~Luroo 53 770 4% P2
JE U B84 v A0y o AR 2% S AR 4y i S, 4
B T B e AF AR i TR B AR 2 2 B0 AR R R 8K
i, v AR R A AR R o N 1R 4 (a) L (b) FT7R o

AL AR LE 2 J8RE 4 1Y v A o 4
AR AONER R G SN WSl E 8 O (A1
o EE R M E B £, 38 i EMD-Informer Xf
22t A TR A B A 43 o0 I kB, 2 28 i
B A A3 43 H0 5 RS B LG AR A, 5 8 B AR Ak i 26
BEONHEIT . 2 B0 S IR 28R ese « eman 73510
0.230.0.061,0.100,0.363, X} F &40 &6 4, 5 92 b
WA, H P ewse. evas 27 B A 0,430,
0.410,0.770,0.604 o ¥ fay AR A5 190 0 25 R & hn s
& 2 2 B0HE £ Y evse . evar . eruse 73 Tl M 0.326 .



39 55 3 M TR, 4% 5T GRAJEEMD-Informer Ji

A AL A O A L BC W AR B8 2 M T U ik 91

0.451,0.571,0.758.0.698.0.870, MHEE KK FH , i
T4 17 4G 5 EMD-Informer £ A [ Informer £ 7Y
B evise Fl eviae B, 75 672 4 5 A4 000 32 R 43 1
FEAR T 11.17% .5.45% , 3F 8] T EMD-Informer £
IR NN OR S R R (ER TR DG e el B
o7 T 1 o 0 R DR A B AR Ak, X AT RE R
BB RN T S

3000 ——
2500}
2000

':I‘
150001

1
100014

)
mM

-1 000
0

I3 i AH

(=3

1000 1500 2000
B A

(a) HL Ty G fif K d T A

2500

- l(AiEﬂ(ﬂ‘*'
,-';w ﬁ%ﬁg
ot ! I---»t}j“lﬂl ]

upaighie

WVW w W ﬂ i WWWW f

Figure 4 ngh and low frequency and trend of
reconstructed data

23 BMESRESW
2.3.1  FET B R AR AR gk
X} EMD-Informer 85 Y 47 0 128 F 96 F |, & 2K 38
ik EMD BYM R 508 A 78 5 AR A oy AR IR &
[F) 1, 3 B0 3B o o i I AT SR R o B X

S

—-100§

-300

PL I ) B, SR P — i 4 B R 75 7 i X EMD #4172k
HE P8 XRS5 2 () TR 75 FR UE 22 o5 XF JR 4R

55 2 (D) IMA—ATEZ 53 7 BEAL 5 -(2) 45 5
W75 (05 5 s () =x () +r(2) s FH R (4)~(10) %}
s(OFEAT EMD, [A] #E 75 5] — 41 [543 A5 3 R 50— A~
FR2% . BRI 2A BT RO ACH Y IE 534
W P Ty 4, B RAS B 50 2150 il 25 5 5 B0 B 4 o il 25
KX R IMF 44 ok 13 8] — 4 IMF . 55 4%
TR AT 3 (1) IMF #1748 i0F- 4 b BRAS B e A 25 51
U P B A R AR AN 1B 5.6 TR o

[\S]
(=4
S
oo O O

o3
=3

IMF10 IMF9 IMFS IMF7 IMF6 IMF5 IMF4 IMF3 IMF2 IMF1 J54f
b ow
S o
o oS Sod =)

7200E i

. 2000 -
31500'\\ . _’_,,,_l

1 000 1500 2 000 2500
B A
B 5 B #i # EEMD % %

Figure 5 Decomposmon results of office building power
load based on EEMD

500 T T T T :

o IV AN A M AN
100 T T .

e e e o At st
~100 : : - '
200 T T T T :

1 ROt s bt
~200 : : : : :
100 T T :
7100MWWM~WMWMWMWWM
100 T v :

o TR VAT AR TR oo}
~100 : s : -

2 T T T T T
BPNANAAAA NN NS
BN f \ /]
20 T T . -

ON\W
-20 - : - : -
i - ™
200 T T T T :
L ——

J5 iR

res IMF10 IMF9 IMF8 IMF7 IMF6 IMFS5 IMF4 IMF3 IMF2 IMF1

500 1000 1500 2000 2500
A 54
B6 w3hiA%E i EEMD% R

Figure 6 Decomposition results of electric vehicle load
based on EEMD



92 O #®

%

15

=S 3 2024 4E5 A

%

ik v A A S A B s AR 1Y R FE 5 EMID-
Informer A [d] , A 5 5 & o i@ i o #F 19 EMD-
Informer Bl EEMD-Informer ¥ % 95 2% Bl 4 4~ 045
AR 53 S HEAT PO, 235 SR 3R B T 18 2 v A S AR S
g3, WG 2R B AR Y LG PERE T O o xR A T )
45 BB N 15 SR 2E 1Y ewise  eae « ervise 23 5]
A 0.136.0.283.0.369,0.589.0.615.0.167, X} F &

SO T BE A  Z A ense T enap 0F — 25 BEAIG,
S5 AE 6724 BTN BE T 43 0 BE AR T 58.28% .
40.67% o [RIA, 2485 AU X T H 3 734 B far U 1) A
FEE Informer A T 0 E 35, evse Ml evae e L 45
I3 IR T 20.60% .10.74 % .
2.3.2 LPRIRZESH

TH Fl S 50 i A5 B (IR 22 PR AR SE R AN 3R 2~ 4 IR

2 Ol aREI 1 —RR B RN 4 R Ak
Table 2 Ablation experiment 1— comparison of predicted PV output power
B A mi /A
I EilAN 96(1d) 288(3d) 672(7d)
EMSE EMAE CRMSE EMSE E€MAE CRMSE E€MSE E€MAE CRMSE
24 0.607  0.695 0.779 0.506 0.628 0.712  1.020 0.680  1.010
Informer 48 0.768  0.762 0.876  0.579  0.643  0.761 1.013  0.652  1.006
96 0.428 0.480 0.654 0.553 0.599 0.744 1.068 0.654  1.033
24 0.477  0.586  0.690  0.300 0.412  0.548 0.991 0.682  0.995
GRA/EMD-
48 0.560  0.642 0.748 0.318 0.433 0.564 1.001  0.703  1.000
Informer
96 0.413  0.426 0.643 0.436 0.393 0.660 1.052  0.607  1.025
K3 HMER2—8 A TR 4 R AT
Table 3 Ablation experiment 2— comparison of power load prediction
B R/ A
WIRES R 96(1d) 288(3d) 672(7d)
E€MSE E€MAE C€RMSE E€MSE E€MAE E€RMSE E€MSE E€MAE CRMSE
24 0.363 0.423  0.602  0.359  0.481 0.599  0.367  0.477  0.606
Informer 48 0.399 0.487 0.632  0.390  0.511 0.625 0.423  0.506  0.650
96 0.478 0.535 0.692  0.455  0.562 0.674 0.564  0.592  0.751
24 0.256 0.415 0.506  0.234  0.389 0.484 0.480  0.590  0.693
GRA/EMD-
/ 48 0.305 0.471 0.552  0.274  0.436 0.524 0.601  0.667  0.775
Informer
96 0.303 0.461 0.550  0.262  0.428 0.512 0.326  0.451  0.571
24 0.112 0.252  0.336  0.142  0.298 0.378 0.136  0.283  0.369
GRA/EEMD-
48 0.194 0.327 0.441  0.205  0.346 0.453  0.233  0.367  0.483
Informer
96 0.212 0.345 0.460  0.209  0.345 0.458 0.281  0.399  0.530
x4 H@mER2—wHAF RN L R0
Table 4 Ablation experiment 2— comparison of predicted electric vehicle load
B w3 /A
i i R 96(1d) 288(3d) 672(7d)
EMSE EMAE CRMSE EMSE E€MAE CRMSE EMSE EMAE CRMSE
24 0.699  0.667  0.836 0.676  0.658  0.822  0.742 0.689  0.861
Informer 48 0.847  0.744  0.920 0.698 0.660 0.835  0.858 0.759  0.926
96 0.878  0.761  0.937 0.795 0.733  0.891  0.862 0.754  0.928
24 0.807  0.739  0.898 0.701  0.664  0.837  0.758 0.698  0.870
GRA/EMD-
/ 48 0.831  0.725 0.911 0.716  0.665  0.846  0.872 0.757  0.933
Informer
96 0.877  0.758  0.936 0.767 0.691  0.876  0.840 0.741  0.917
24 0.533  0.575  0.730 0.659  0.644  0.812  0.589 0.615  0.767
GRA/EEMD-
48 0.656  0.637  0.810 0.673 0.648  0.820  0.598 0.611  0.773
Informer
96 0.817  0.705  0.903 0.706  0.658  0.840  0.638 0.632  0.799
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Table 5 Comparison of prediction error among different prediction methods
- 0 s ] JGAR & kA A 3R L ) B0 A B B ) 4 s T
:7 e
fi i /d EMSE OMAE CRMSE EMSE EMAE C€RMSE EMSE EMAE E€RMSE
1 0.413 0.300 0.991 0.112 0.142 0.136 0.533 0.659 0.589
GRA/EEMD- X i X
3 0.426 0.412 0.682 0.252 0.298 0.283 0.575 0.644 0.615
Informer
7 0.643 0.548 0.995 0.336 0.378 0.369 0.73 0.812 0.767
1 0.610 0.338 1.029 0.271 0.175 0.271 0.570 0.688 0.636
Transformer 3 0.498 0.464 0.680 0.391 0.325 0.388 0.591 0.650 0.641
7 0.781 0.581 1.014 0.520 0.419 0.520 0.755 0.829 0.797
1 0.429 0.518 1.729 0.241 0.193 1.729 0.752 0.856 0.819
PSO-LSTM 3 0.431 0.503 1.546 0.363 0.315 1.032 0.652 0.673 0.522
7 0.654 0.719 1.314 0.490 0.439 1.314 0.867 0.925 0.905
1 0.585 0.709 1.253 0.927 0.907 1.787 1.336 1.533 1.656
LSTM 3 0.578 0.626 0.795 0.613 0.664 0.895 1.092 0.794 0.872
7 0.764 0.842 1.119 0.962 0.952 1.336 1.156 1.238 1.287
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