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Abstract

With the rapid development of renewable energy, photovoltaic (PV) power generation occupies an im-
portant position in the power system. However, the power output of PV power generation is highly af-
fected by weather conditions with significant intermittency and randomness, which leads to high pre-
diction difficulty. In order to improve the prediction accuracy of PV power, this paper proposes a hy-
brid prediction method based on the combination of the improved Informer model and weather data.
Firstly, PV power related data are collected and pre-processed, including PV historical power data and
key meteorological factors (e.g. temperature, irradiance, humidity, etc.). Second, the meteorological
data are processed by introducing an empirical wavelet transform for modal decomposition of the data.
Then, the Locality Sensitive Hashing (LSH) is improved by using Grid-Based Clustering (GBC), after
which the informer model is improved using this method. In this paper, an attempt is made to combine
GBC to select several key vectors in the query vectors to improve the filtering of the query vectors in
the informer model so as to improve the accuracy of the model prediction. Finally, the simulated an-
nealing optimization algorithm is used to optimize the selection of hyper-parameters, which is experi-
mentally verified by the real dataset, and the MSE, MAE, RMSE and R”2 of the data are improved by
47.42%, 43.37%, 27.50% and 6.54%, respectively, when compared with the informer. In summary, the
proposed hybrid model is able to achieve effective improvement in prediction accuracy and goodness
of fit. It is shown that the model can provide more reliable support for the operation scheduling and
grid stability of PV power generation.
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N T RE(AD BA 535 250 R FHRE T 98 77, FLHUYIRZ i 35 3 e A P o 8 5 A S A ST 190000
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HESD TR RSB, et TARBR AR . BEA, RGO A FE Th A T4 1K RH E 9 FH =%,
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12. XMR

5J6AR IR s (PVPF)AH G 0 98 AR AR S H oA BB 3 o = K38 W37 Siit I i L2882
S FFEMLFLER S B Z M TR R R B . Yang 25 A\ [515K F & AL & (BP)IL HEAT e AR & B Th R
TR, KA FAR AL H BB &5 SRk G, MBI I Z T 75 % . BE N LR RE(AN AR, T
TR 2 ) SR O TR & MTIAS B T TR R RISt . TR BE 2 210 — R Rl i bl s 2 > ik, ek
DZE TSI AR 7 Z W 9E. Wang 55 A\ [6]3G58 1 KK 1012 9 28 (L ST M)A B Sk Tl > £ & v 1) s
AIAVERATIR 7 - Lee 25 N [7] F Wb 15 R 4 28 0 25 (RNIN) AR RS, ASU{of PR AR 5 A5 J2 SR TN 7 U e (X 1) 4
NI AR R HL B o SR I SEEGAIE B, 1% 07 VA TN AR N 4% (ANN) IR FE A0 22 I 265 (DNIN) o D T A T K
FIBF 1] R PVPF 75K, B Ynhit 2% (Encoder)-fiR i 2% (Decoder) 45 1) i /7 51 21 - H1 A5 AU B 1% 45 21 5 2 1)
e o BN —FPIRAT IR B 2% ST A, Transformer 76 H 2815 5 A2 (NLP) ST R I 57 [8] - 5% 4t/ RNN
HIG AP ZE [ 2% (CNN) [9]AHEL, Transformer {F A 7 —Mp BiE & IHLH], GRS AEASFAE VISRV I i A 32 A B
R . B ] DUE I IR R A ) A SR iE UE B SR, BRI RI R 8. NAE S AR R
B PR 1) " A S T 3 270 T A0k PR S o A T S IROX e Bk K, Zhou 55 A [10]42 H T Transformer f—Fh7z
4, FxN Informer, 1ZARARLE DY KA 18] /7 51 85 55 EdkAT 170, IF BoR hAR Rtk R . —L8mf 5
SZ8F Informer B2 AT PVPF 45ids,  H 2 F H H AR B PP 51 I 8] e 51 B8040 1) i oK e

HF R AT E T, RSG5 T775S informer 454, BUE R4S H 2 IR Y]
BT, R VR A AR — M A % BE A R AL 3 PVPF SIS inl . Cao 55 N [111K% 488 A% 1 k-fold
A UG IE SO R B E) A1 A2 SCBRIE, TR A B TR A T AR R . [ B A KR R 12 (LSTM) 5
informer, HEILEE S PIREAY AR S, ZBA SLI TR AE I TR AL DGR T FR TN . Li 88 N [12]7E 2
WA E B ARG, £ T —MEERL A (EEMD)S informer 145 & R & H%, &5t
HLREFERRE AR P AR A I 18] i 2508 AR A 1t IS 100 A EEMD K S5 06 500808 23 i o LA W E RS
BB (IMF) A, SRJ5 A Informer BEATFIN, JF4E 1 PSO £ TN 1 (] A B S 4. ) — 20, K IMF
B0 B R TR &5 TR 48 A A R AT B B R R PRI 45 5 AR IR B T T A AER I . YRS Informer #5
AR AT PR S A7\ R AR Sh e R L %5 . Ren 55 N[13]45 & /N84, ¥ Encoder Forest (EF)5 In-
former M4 & KR GEHE 2 N E S 5 5 2 (CD)FAEAE S50 & (CA), H informer ALBEIR, EF 4b
B, M T — M EAERE TIAE R BOREZ AR A EGR I STV, T B E A TR S T
I ) — AR A B

1.3. BIEM4

ASCHEH —FhIE T 50 /N fR(EWT), 6T WK G 58 207 7:(GBC) itk (1) Informer FIARHLUR KAt fb
BHL(SA) AR D2 T 7 R R . Z B e IR T R A BTN R PR, AERTR AR, XA
MR HEAT T o0k, RMREE s 7 TR R P, ASCHIaEian T -

(1) KM IQR ¥EX Hdl AT T, BRIt K5I /NOEHE . B E-5 6 R D3 TN A DA K s
AE LAl 38 B T
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(2) KM EWT J5 o0 A B dt 47 70 i, 5 R EEe 5 0GR DD R a0 AT 70 i, B AR K (K353
SRR, F S NE T4 IMF B 55T

(3) ALK Informer AL AT it A 2 T WA SRS M A5 WL, K 2596 v Bt 0 B9 i Mo i
AR PR AR ORB LA U, TSR e R R v A 1k FREA Pl T S AR AL e 356 10 i 1 i oK AR AN 2
.

(4) s ATBLDLR K AL NS G2 ) Informer BEAY R ZHGHAT PU Ak, T8I 2 RAGIEAR, BRI AAE
AR AU R A L PR S T B . B v AR T A T K P

(5) AR FH ) He e B 0 FH AR or IR KR S S0 5 5 8 PRI ) JC B K B BE 2 o e (R B, R
H 4 DMRFEFRVRRA AR A, I UM R 5 RSO TR SRR AT 1 LR, DUR I TE AR
T A R -

2. AR

2.1. Informer

Informer J& Zhou %5 A [10]4: H B9 —Fb 38 B9 I8 1) 5 7 AR AL . Informer A A AR T Transformer 341
TR A RS g, KRR B RIRERE A s o B 7 I B R 2 RAUERR R, SR
TERTHITME %E . B, Informer 51 B3 & /2518 (Self-attention Distilling) -5 ProbSparse H T,
AR TR R IR R I S 2R . 18] 1 Informer BERUAEIA «
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Figure 1. Introduce of the informer
1. Informer R AR

2.1.1. Self-Attention Distilling

7E Encoder #B43, Informer i FH 7 —Fh i = AR08, BRAR T B2 AR IR TR P 75 SR o 11
NI H 58 ¢ NN T I3 N — AN HERE XS, e Rb ol

7t Probsparse [fI#/L# ~ Encoder FEFBLS 5 277 4 B AT {E (Value) (TR Wi, ffiH Distilling #:4E, 2
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BORA T RHAE IO AE T — J2 A2 O i B RRFAE W o X A N R IR T 248 32 R AT R R 46 0. 1%
Distilling # /4% 18 N AT B2 4 -

Xt

j+l

= MaxPooI(ELU (Convld([xﬁ ]AB ))) (@)

Hrr Convid pRZH T A3 —4Em (7] 7 51 B R . $8 20 1% 50 (Exponential Linear Unit, ELU)ZR 7R B0 2R
K, a7 KA (MaxPool)#,  HI T 1 st e 4 A ML A AR e 1
2.1.2. Probsparse Self-Attention

et T — M R AR RS B OSSR A u A . H A S(B) AT AT

aik] T
Lk qikj

K 1
Iy *e 2M(qi,K)2L—Zj:l i
K

IRLFRATAT LA e KA P = o

O]

ERREMIT, BEFFEU = L In Ly SUBUGERHE M (g, K) » AJFE I AR A 0 3178 . Z JE A
Hr % Top-u AMEJ Q o LA 52 Bkt 2540 1) R 0, B0 5 o 1 B R 43 T A 02 A4 B AL 52 1R
L =L, = L{{75 Probsparse H &SI (1] A5 BEAM 23 (M 25 B8 O(LIn L)

— aki | 1 < Gk]
M (g, K) = WS LN
(a )myLH}RZHﬁ

2.2. Grid-Based Clustering in the Frame of Locality Sensitive Hashing

2.2.1. Locality Sensitive Hashing

Kitaev 25 \[14]4#2 i —F Reformer B 253t transformer DL/ Hiz 58,  FFHn FLAR Y (s 2 o
7F Reformer #Adr, fEF 5| N T — R EEUKMS 75 (Locality Sensitive Hashing)iE & [ /7%, it Trans-
former H i SRR R 4 -

o Fl Rk e A B A A B A 1) B x 43 BB MG A5 (hash) (X)), 4RI A 17 5 v R 3 40 43 TG 048 1) 1 s 7
h(x), HRIFEIT A ) s MR A3 BIAH R AR (i . (B IR ESCRIR, iaAy B W e — AN/ M ALY
S V& LR F B A A T, SRR T LU i 5 RS R A B8 B {h ) 0P 3 AT e 7 SR A

Nrounds (r)
r=UR
®

2.2.2. Grid-Based Clustering

FET A% B SR S — PN A S 2R BRI, W AT I8 SRR BT B ) B B . LUk K-means
BRAR L T IR AEAGE R . R W XA 7 KN, RGBSR AR . R I i T I B T A Ak
TH A, RFFGERASE . RISy, KR 2 W NEFA o0, REHRITH NS, RIG1E
W2 2 b HEAT IR

M BRI AL, A2 T RS SRR T, OGOk T A% ST A IE BRI 7 o ASSTHR 25 8K %
TP T A& R ETTR S LSH MEEG, i LSH WIZ 8w, KIS R sE, REGIBA 1) & 1k
P, G S AP IR RI S A AL S AR L, (EACBREE AL, AR RE N BT ROR
TR R I R T 55 52 2 P 3o v £ 1
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FoA N, e ARG d AFERYERE . HIR, WA SRR, 1]
2.3. LSH-GBC-Informer

IR SRR 1K B s A B S s S AR v U — AR B B X A [-1, 1], £FXT Informer $2H 2T Trans-
former [1] ProbSparse HiERALS], HAFTEIFATUFERE 155, (R SO A1) 7] &k BN B R i i/, A
B AT AE — E SRR EA R, THERE I IR B, AR ST A 15 AR SR SR et ) LSH SR REER T Z
B TG, R T H IR IR ERE ST, BAhn T AR A ) R TR . 7R R RS B — 2B R Y
ProbSparse H 3405 F A SCHITR A RISkt A7 itk &8 6] 2 AR S HE A StV iR A4
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Figure 2. Frame of GBC-LSH-Informer
[ 2. GBC-LSH-Informer & &IE22

2.4. Optimization Algorithm

XA RS EL A S8 T2 BRSNS HL. Informer AT HUELZ (2L, 1M1 H.
2 SR R 1 R LR AR, Sl DA SR AT I A 2 OB S e Bt & BEAT T e A B e DL K 2 4L
e R A TR o AR ST A P READLIR KL A S RO B (R S AT T

2.4.1. Simulated Annealing Optimization
Kirkpatrick &5 A\[15]#2 1 — ikt T4 B JOSRE R B il . A AR DS 07 & i ki ) Pt

BRI RSt DL T LB R AR B 52, 8N RUREEE T “ Rtk R4E Hik, ZRapK
REER RGN “UREE” , JFHAHHIARL . KRG R LR B ARAIE— B A2 IR B LA I
I, R8> — B BARIRE TR T 3 45 BB KA i A s S A
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Figure 3. Flowchart of simulated annealing optimization
B 3. BRI E R RIEE

2.4.2. SA in Informer

FEARSCH, AR K AR A % Informer #5784 (188 S #7004, @id 2 GER, A4S 3T
DK P2 e i RO S BAH G MBI EE R . 5, AT LSS EE O BIIER KA RRIa6 8 SE
WAETEHE ST, FHBEVIRIERE T MBERER o , WEEARRE. Hk, ERBENIGMG, #EAEAY
EHNX S HAT IR, BRI —RNGER, RN RKESHE 4 DIERFAME R GEACR) 25
Ro Rim, REMSY, PEFRESHE, THEET ol , SABRAFETINSG. 25 —HEE LRD
PR, iEW RIS, TRMESI R PR RIRM K ESHEAIR, 5HX R R PR .

2.5. Empirical Wavelet Transform

2206 /N A i (Empirical Wavelet Transform, EWT)/2 Gilles [16]42 H [ Ff b F AR FRafE 5 52 0 &
GEMETE S RNk ENMER R G2 L R ERH,  BENEE N A (5 5 A 40 i -
T AN R /N PR, R ARYE AT & N AR R, AR S A MR PR (S S I R R . [RIEE
At X o 0BRSS AR R W, D TSR B IR . SRR, e R SR AL T IS F
ikl sy, 5 EMD Mt B EAR TR S 44 .

3. EWT-GBC-Informer-SA &35 18

AR T —MEET Informer B R-SAEAY, EH T EWT #4780 40, {8/ GBC X Informer
o BRI AT G, T SA XS BB S HUIATIAL, R E AR AT (K 4):

—: RBOBR K SR, A& AThIhE, WS,

T HHTEAETALEE, M IQR LBRFEHAA, ARdELL;

= ] EWT XEAE AT 8, K IS D BUAE — AR 9 I G s

P9: 51\ GBC 7E LSH HEZE T X} Informer #5524 (1) [ 4 ALK 0 24T S50, ] GBC RABA S
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Figure 4. Flowchart of Informer + GBC + EWT + SA
[& 4. Informer + GBC + EWT + SA B & k%12 E
4. RESWHMNIEER
4.1. BIEE

AR IR R R B dka KFHAEF L, —ADRTIARK B RG A A FLME[17] . 1295k %L
P SRIR AL TR R (1) 2 BT ek f KFHAE RS 3B Wi 1R ARG TbE-FE, HE
B, RAMEIEETE 11 & 15 2 [H][18]. FHEEMBREEE N 2016 -4 A 1 H&E 2024 46 A 4 H, ¥
IHERN S e, & LI A SFHMEMEAE S . Hd, B IhIhE Active Power Jy Tl (1) B FRFFIE »

Table 1. Details of the features included in the dataset

=1 QKT ESHHESIHER(EERREE)

Name Unit Min Mean Max Std
Current_Phase_Average_Mean NA 0.0 11.304 55.428 15.985
Active_Energy_Delivered_Received Kwh 3009.271 279141.807 553932.0 152195.696
Wind_Speed m/s -8.99x10° —12332.533 15.347 10073696.274
Weather_Temperature_Celsius T -8.99x10° —12312.157 46.580 10073740.228
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Global_Horizontal_Radiation W/m? -17.719 390.541 9999.898 3667.172
Wind_Direction Degree -8.99x10° —12167.341 359.0 10073696.469
Weather_Daily_Rainfall Mm -8.99x10° —20183.745 0.294 10078144.540
Max_Wind_Speed m/s -8.99x10° —11209.417 24.300 10045831.118
Air_Pressure Hpa -8.99x10° —11377.447 974.210 10073697.343
Hail_Accumulation NA -8.99x10° —20557.518 0.0 10783344.404
Pyanometer_1 W/m? —15.800 570.709 99999.89 5497.271
Temperature_Probe_1 C 0.0 43.707 319.744 10.804
Temperature_Probe_2 C 0.0 43.768 263.893 10.804
Active_Power kw 3009.27 7.692 40.507 11.162

ERBHERK AR GRET SRR, ISR MR MRS I ELAFI o 7:2:1,
4.2. VI EIR

A SON VPSS (A R A E R, [ 1 4 MRZE VPSRRI U7 IR 2 MSE, I ZEXTHR % MAE,
BRI Z RMAE, HE RER? .
1 r

MSE :Fé(qi -p) (5)

18 2
RMSE = F;(qi -p) ©)

1 r

MAE =23 |a; — p| @)
Zr:(Qi - B )2

RZ =1— i=1
r —\2 (8)
Z(Qi - pi)

b p FORTRIME, o RREIAE, p Fon p OTEIME, n FoRBEA RS, REMIEFEILE 0 B 1 2,
HHUE RS 1, WS BR RPN 45 A& S, MSE, MAE, RMSE BT 0, MIZ& R Fiill 25
REHSAHZ AR Z M, TS R

5. MW SER

N HRE AR R A TS R (A M S AT R, ARSI T R T OSA R EIE S SR )
Informer BEARILE S IRTRA AL, TEARTIH, AT Informer + GBC + EWT + SA #5874 15 2 A it (1 B A0 A
B TR RE A AT E A . AT EEEC AR 23 51y BP, LSTM, GRU, Informer, Informer + GBC, Informer
+GBC + SA, Informer + GBC + EWT + SA. ARSI 2 RSEI0 T b T A SCHE H gt % Informer A 2Y (1)
SRR, I T A GBC Bt LSH S 1Y Informer B 55 51 LSH-Informer (R4 .

5.1. A ERFEE
NEAEIRE S Informer BRI AI Mt GBC R/ GAR TR T A 4T HE. ASCRE T 6 MR BP,
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LSTM, GRU, Informer, Informer + GBC, Informer + SA + GBC, 4iX Lt 8 5 A S HE H iR vR & R AY
Informer + GBC + EWT + SA #f4TLbE . & 2 251 1L 5 HAR /S PMERLY) MSE, MAE, RMSE,
R*{H.

Table 2. Comparison of the PV prediction result

T 2. RARKEBINERISEE

Method MSE MAE RMSE R?
BP 0.1681 0.2355 0.4099 0.8282
LSTM 0.1429 0.1972 0.3780 0.8534
GRU 0.1362 0.1891 0.3691 0.8604
Informer 0.1223 0.1971 0.3498 0.8788
Informer + Grid 0.0926 0.1459 0.3043 0.9083
Informer + Grid + SA 0.0707 0.1208 0.2659 0.9299
Informer + Grid + EWT + SA 0.0595 0.1146 0.2440 0.9410

AR SRR iR K/ batch_size 4 256, d_ff 4R 2 4ERT Ny 2048, d_model 14
GG 16, 32, 64, 128; [ B % SLiE & /WL A3k %k n_head v 4 5K 8; dropout {H% [X 15y
0.05~0.1; VER JIMLHIZEL factor 7 16, 32, 64 HIELHL; 2% learning_rate IHUE LRI 1E-5 #) 1E-
3. BP By KIZRETN 120, % >1% 75 0.0001, 1%k H xRNy 0.00001.

Wi 2 fr, 544087 BP, LSTM, GRU #tt, Informer fALYE &N R PRI EA F I bR
BEARTSCEBELL Informer AFEREFATIR SR, Sidxtbbsets, AR RRE A Informer + GBC +
EWT + SA HIPERE S5H i 92 46 L R RS H: MSE, MAE, RMSE &1%, R*#&&. K6 BT 74
BIAEIZX DU AR BRIV 1A

Informer f%4 (%) MSE 4 0.1223, MAE 4 0.1971, RMSE ‘A 0.3498, R”}y 0.8788. Informer + GBC
R[] MSE A 0.0926, MAE A 0.1459, RMSE 4 0.3043, R®>4 0.9083. 5 Informer BAUAHLL, &I
TR A iR T, BRI T GBC iZah i B A TS L K 5E T . BASRiE, MSE P T 0.0297, MAE
F#{% 7 0.0512, RMSE [#{£ T 0.0455, R*#27t+ 1 0.0295. 5 Informer Atk MSE, MAE, RMSE 43[4
kT 24.28%, 25.97%, 13.01%, R*#ZF}7 3.35%. HIMLA] W, GBC REWS & 3 AR iR 2, Horp &R
BB IETESR bR MAE FARBL. HRTHARXT N R LA B R? . IX et REEHS IR GBC & — it m
Informer [ %7 %

i SA 14k, 73 Informer + GBC + SA %] MSE 4 0.0707, MAE 4 0.1208, RMSE */ 0.2659,
R? 4 0.9299.5 Informer AL, MSE (% 1 0.0516, MAE [%4{% 7 0.0763, RMSE [#1ik T 0.839, R2#&7+
T 0.0511. SA 5] NMAEFHIAY GEE i It 2 YO S EU e £, (A3 BRI TS B 2 — 2D 3
5 Informer + GBC ALt MSE [£1X 1 0.0219. B 23.55%, MAE [% 1 0.025. EJ 17.13%, RMSE [%K 1
0.0384. EH 12.61%, R*#ZF} 7 0.0232. Bl 2.55%. it DA s LLE H SA [ = E4RTH B 2 R
£ MSE |, HIKZAE MAE |, Bk, JATATLAHE, SA BSEANXS T Informer & — A& BRI 25t .

FIN EWT S5 Edli EAT A2 7 A S 1 S A AR R EIEAT I 25, b 3RATT AT LA#3 21 Informer + GBC +
EWT + SA BAILEM 5458 MSE 4 0.0595, MAE 4 0.1146, RMSE 4 0.2440, R®40.9410. HiAkiji,
5 Informer At MSE [#{% T 0.0628, MAE [#{% 1 0.0825, RMSE [4{% 1 0.1058, R*#£&7J} 1 0.0622, th
M2 MSE, MAE, RMSE, 75lF%MK T 51.34%, 41.85%, 30.24%, RZ#&J7T 7.07%. iEBH 7 ek
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Informer #74, B[l Informer + GBC + EWT + SA #&A4 a] DUA B4 m TS Z . 14 5 J82x 7 BP, LSTM,
GRU, Informer, Informer+GBC, Informer+ GBC + SA Al Informer + GBC + EWT + SA HIPEAN R FRATLL,
TEM bR B AR R AT

MSE MAE

Informe Informefr

BP BP

Informer+Gri Informer+Grid

Informer+Grid+EWT+SA Informer+Grid+EWT+SA

Informer+Grid+SA Informer+Grid+SA

RMSE R™2
GRU GRU

Informe Informefr

BP BP

Informer+Grid Informer+Grid

Informer+Grid+EWT+SA InformerGrid+EWT+SA

Informer+Grid+SA Informer+Grid+SA

Figure 5. Comparison of various models
Bl 5.7 MREFE MSE, MAE, RMSE, R? P ME#RXIEE

5.2. RAREPBGHENE

KIAEH T =ANT7EEN Informer 74T T BudE, - AR AL /N AR EWT, 78 LSH AESL R T I
RS GBC, HHUR KMALE . Hh EWT 2Bl 1 X b HS SRS TS 0% GBC, B Grid-
Based Cluster, sZ3 1 X Informer 4574 Hh Probsparse AL 5cdE s AR KARAL B2 I 22 Ok AR AL Y
FASHORAT A . BATEAEAES 53 AR AR SO FH X = AN VB B ) eSO . R =, RN T
3 — A5 N R RL I PERE IR, AR A AR A SA BRHIUR K R S HUIA T B AR IE R -
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Table 3. Comparison of the hybrid models
= 3. RARAXLL

Method MSE MAE RMSE R?
Informer 0.1223 0.1971 0.3498 0.8788
Informer + SA 0.0765 0.1324 0.2767 0.9296
Informer + EWT 0.0808 0.1368 0.2842 0.9200
Informer + EWT + SA 0.0656 0.1146 0.2536 0.9350
Informer + Grid 0.0788 0.1459 0.2807 0.9083
Informer + Grid + SA 0.0707 0.1208 0.2659 0.9299

MSE MAE
Informer+SA Informer+SA

Informer+HEWT- Infformer Informer+HEWT Informer

Informer+Grid Informer+Grid
RMSE R2
Informer+SA Informer+SA

Informer-+HEWT- Informer Informer-+HEWT ifformer

Informer+Grid Informer+Grid

Figure 6. Comparison of single algorithm

Bl 6. BEIANLLE

7 3 454 H Informer, Informer + SA, Informer + EWT, Informer + EWT + SA, Informer + GBC,
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EE

Informer + GBC + SA AN FIPEN bR . B /e AR R 7 2o R P oA E . sk 3 B, 1E
MSE f&§#%5 I, Informer 25 0.1223, Informer + SA 25 0.0765, Informer + EWT & 0.0808, Informer + GBC
4 0.0788, 1] LLF AR KAk SA 7E MSE EAA % B AL E o MSE — i HH T~ S SIAR R 2 A i 727K
S, S i S I SR AR08 R T A SE ARk . DRI T DAAS H, AL K A SA BB T 1 M At o A5 2R ) Ak
RZER B . £ MAE 885 _E, Informer 25 0.1971, Informer + SA > 0.1324, Informer + EWT >4 0.1368,

Informer + GBC 4 0.1459, 7 LAFE th SA WKIAA A LA A IR, XTHAMMA T, £ MAE ERIL
75 . MAE FRBER A 5 L bR B 2 R T3 w22, X TR UG, F 2 T IR AR e e 1
I SA G TR g Fa e M B ELEAR B 4. 75 RMSE 5 R? FAKIAZ SA A B, DU 13-4
Fahr RMSE 43514 0.3498, 0.2767, 0.2842, 0.2807; R”43%l°A 0.8788, 0.9296, 0.9200, 0.9299. Hik
AL SA BA FARE T HAR PRl 7 A A B B S ARCE, SRR RR AR A R B OGN /E R . SA X
Informer HI42 T+ MSE &y 37.44%, MAE Ay 32.82%, RMSE & 20.89%, R? 5.78%; EWT %t Informer i
MSE 4 33.93%, MAE ¥ 30.59%, RMSE ¥ 18.75%, R?y 4.68%; GBC %I Informer [ MSE >y 35.56%,

MAE & 25.97%, RMSE 4 19.75%, R*A 3.35%. iRl LRBIERATAI IS HEE 8. SA N=F ik
SRR SR B A R I — 00, TR R DU R PR PR bR R SA SHEALYE BE SR B 10 R, B SA HA K
DRI RE TR SCE R LA R, BRI AR SR R R TIONRS B2 o 1] 6 S DU AR (1 T IS BRI L

5.2.2. SA FRY EWT 5 GBC

Informer+Grid+SA Informer-+Grid+SA

Informer-+EWT+SA {gformer  Informer+EWT-+SA

Informer+Grid+SA Informer+Grid+SA

Figure 7. EWT and GBC with SA
& 7. SA THY EWT 5 GBC
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BB, BT SA R =Rl 7 O A S R — Fh T, BRUERATTR 7 AT [RIREAE SA DA 0L T
WIS R 75 X AR A ] DABR A B IR e . 2 3 v FEFREdE, Informer 437172 MSE & 0.1223, MAE
4 0.1971, RMSE A 0.3498, R?y0.8788; Informer+SA 4%/ MSE 4 0.0765, MAE 4 0.1324, RMSE
24 0.2767, R?240.9296: Informer + EWT + SA 43 il /& MSE 4 0.0656, MAE >4 0.1146, RMSE 4 0.2536,
R? 4 0.9350; Informer + GBC + SA 43| /& MSE A 0.0707, MAE >4 0.1208, RMSE A 0.2659, R? ¥ 0.9299.
W 7 s, dBidtte, aTRIERIZE R, EWT 5 GBC AHEL, EWT SHEABGERCE, #EFN SA 2Kk
REMER T, BEFEFIRI. 5 Informer + SA AL Informer + EWT + SA, HAFNFabrsE RI2TH T MSE
N 14.24%, MAE A 13.44%, RMSE 4 8.34%, R4 0.58%. % F—/Nifsdss R, 83k SA %R
15T, GBC B #H WAFHINGHRMCR . LRI DU L . EWT BES M R T, BEdE N =3, AR5
KA IINE NIRRT ISR, BDARAS 12 ANRFEAR S 36 MRFIERE TSR, REfE XA kAT
SO, (R TR T RHERCR, e EARR RS, FNSE T EALE SRS T, E2H
FHIE S EONGERATE S Sk EAEAER SA #ATSHUA ST GBC B BT K AR & M TISE )
Tt MAEAEA SA EHL T, EWT HZRHEBLAS 7 f7 1RE ) BEAS 25 A 1Y 5 Sk SE AL 57 1) 51 o

5.3. HF LSH #EZ T GBC su#adE

ASCEF XA Informer H1 ProbSparse attention #07312#847 1 ot . G S AR B B TIONIRS S is
O, 2% Kitaev [14]7E Reformer Hr#i H (14 F R S E8URR G A LSH X B VML ok, ASCERE T —
PR I, HLAE 6% B8 U B RIS 2 1) 25 T A& (158 28 GBC, KN LSH HEZE R, ARE IR
73, fREH R LSH s 28G5 84y . % 4 P4A 1 T LSH 5 GBC 7E & Rk Yk $6IF O1E FE AR50« Informer
+GBC i feFx MSE 24 0.0788, MAE 4 0.1329, RMSE 4 0.2807, R? 4 0.9219; Informer + LSH [{Ji¥
#reFr MSE 4 0.0836, MAE »y0.1281, RMSE 4 0.2891, R*>40.9172; Informer + EWT + GBC 1T 5
F& MSE 5 0.0701, MAE Jy 0.1263, RMSE 4 0.2646, R?>4 0.9306; Informer + EWT + LSH i #5457
MSE >4 0.0715, MAE A 0.1385, RMSE }y0.2961, R?>40.9131; Informer + SA + GBC K/ f&45 MSE
4 0.0707, MAE 4 0.1208, RMSE y 0.2659, R®>40.9299; Informer + SA + LSH i #Ek5 N MSE ly
0.0724, MAE >4 0.1242, RMSE 4 0.2692, R4 0.9282; Informer+ EWT + SA + GBC [{I3FMriEkx MSE N
0.0595, MAE 4 0.1146, RMSE }y 0.2440, R?>40.9410; Informer+ EWT +SA + LSH HI3EM#EFRr MSE N
0.0710, MAE 4 0.1205, RMSE 4 0.2665, R? 4 0.9296. —3L 6 Z%¥E, 75 NfEALA Informer #7LFR,
LSH 5 GBC MIBGERUIRN s 75 EWT RXTEL, 78 SA BVEHATIEMRGEIxT b 75 EWT 5 SA #fdi H
MEHL T, SERINRA BRI L. Wl 8 Rl M Fa R fE DU AP 5E T LSH 5 GBC IRt L.

Table 4. Evaluation metrics of LSH and GBC in various model

% 4. LSH 5 GBC A & MREUEZETHIIFMNIEHR

Method MSE MAE RMSE R?
Informer + Grid 0.0788 0.1329 0.2807 0.9219
Informer + LSH 0.0836 0.1281 0.2891 0.9172
Informer + EWT + Grid 0.0701 0.1263 0.2646 0.9306
Informer + EWT + LSH 0.0715 0.1385 0.2961 0.9131
Informer + SA + Grid 0.0707 0.1208 0.2659 0.9299
Informer + SA + LSH 0.0724 0.1242 0.2692 0.9282
Informer + EWT + SA + Grid 0.0595 0.1146 0.2440 0.9410
Informer + EWT + SA + LSH 0.0710 0.1205 0.2665 0.9296
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Figure 8. Comparison of LSH and GBC in various models
8. TEHEHR TREUEH) LSH 5 GBC *ftt

B 8 Hp T, BRATIE AR T Sk B I i ke R IAE DU AR AN R AR AL N GBC 5 LSH [V Fia s it
fHol. B ARV Fa bR MSE R T8 (AR R 22K, FRATTAT LAE /e SR A R 352 GBC fgis 3k
BEACHME. Informer, Informer + EWT, Informer + SA, Informer + EWT + SA #1, GBC Lt LSH 43 Hil
7 6.09%, 1.99%, 2.41%, 19.32%, LA EHARFI1S, EREIRAHRA T GBC 1Bk 22 /KT iy it
RIECNHE . BN IEN N MAE, Ron THRAIMEEEME, WUAMERT, GBC b LSH 25K T
-3.61%, 9.65%, 2.81%, 5.14%, UL EEIRAIE, E0CH EWT RREGEA  GBC 1 & M vk R I
A, TMTE Informer BAfE AN, LSH BEIRMF HE i MR EE. S5 ="MFMIRFF N RMSE, s TR
2EEiR 2K, GBC EE LSH 20 %MK T 2.99%, 11.90%, 1.24%, 9.22%, UL EHIEAI1E, WKIHEENE
EWT MBS B F, GBC IR AR Z Mt R IR AF, HUGR 2 e BRAHA PRI . &5 — T
Wik N R, FoRm TR A, GBC L LSH 73 %)% 7 0.5%, 1.91%, 0.18%, 1.22%, HiLL 3
R4S, 5 RMSE S5 R, 0 EWT B0 TR Ad R A0d A8 S5 B ) i) SO BOR e, IR 58
BiRY,

6. RESRE
6.1. B4

AR T MR 2T Informer DGR A TR SR, 456 728/ N REWT). T
A% ) 5 2677 12:(GBC) 5 AR K AL S (SA) o A ST TE AR A BE L RFALE 208 A5 et K I
R GRS BIE 55 2 AN T AT 1 VR AT
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5 Informer Bi®AHEL, Informer + EWT + GBC + SA HIIEHr#EFE MSE, MAE, RMSE 735 F#4% T
51.34%, 41.85%, 30.24%, R*$ZF+ 7T 7.07%. 7EFLGHE 7 VA MBLE daf DUBIE Sea Sm 15 40, SA KKk
WA E e, RIAHECT EWT 5 GBC, SA XA it U R s N H R . 2 ) Informer + GBC + EWT +
SA MERUAE AN X b R B 7 1 BE, MSE. MAE, RMSE FUSHUE BB 3- T, 7840 Bl 7 A5 7Y
O IR AT AT S I R

AT AR B D Z P s e T — MR TR, AR EENER A HME. EEie b,
AP G A AR PR FE ORI B D 2R SO A T A . PESEBRIB A B S GAR TN R VA R
TSR BRI R 2R . AR, BLReRCb )RR B s gk, S miica . FR RS TG
AR LE fift e B2 2% i6F 8] P 5 T 00 i e (9985 77 o AR SCHR L Informer + GBC + EWT + SA REALLE S AR Tt
T BERS . WFRL BEY, Informer + GBC + EWT + SA H7Y ELA7 5 w2 () Tl ks 2 M AR B A8 S 1)

VAR
6.2. RE

JUE AR fE LS T AR, B LU J LR A SRR SR EGE T Al A SRR 3 24
X B3t i B AR A B HEAT BAIE,  AROR T A 2 i s O RS I, DASR R T )
P o FERCRAFAELEFR T T, P45 45 58 2 S OR FL B AN R R (U BRI . 25 J2 0 A BT AL, 3
BRI FIRG L o B ARG 1 Informer B[R4, (H 2 RF RN 5 SN 17 it SRR
ARARZE E R BRI 5, HBERE SR M CRK B REMIRFMRIZA, Bl Aiv]
RERAEAAL . AR, fs FLRENS ) 2538 N B AL AL, 2y SIS T g

ASCHIWT TR R T B T LI A, ARR T R S T SE R R Bk R K IR R G, F
HAELPRIZ AT PR E M AT et W R BE— PR SR, A SO T B9l IR A s T
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