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ABSTRACT: Highly accurate short-term prediction of
distributed photovoltaic power generation is one of the keys to
the new power system scheduling plan and the implementation
of new energy consumption. However, distributed photovoltaic
has the characteristics of complex operating conditions, wide
range of points, strong randomness and insufficient data
collection frequency, etc. Traditional data-driven methods are
faced with problems such as poor data sample quality and
difficult optimization of model parameters. This paper proposes
a Kernel based extreme learning machine based on weighted
mean of vectors algorithm (INFO) short-term forecast method
of distributed photovoltaic power generation by machine,
KELM. To solve the problem that the extreme learning
machine prediction model needs more hidden layer neurons
when processing complex predictions, resulting in a very
complex network structure, kernel function is introduced
into the model, which can enhance the stability of the model
and have strong generalization ability, realize large-scale
photoelectric data processing and maintain high real-time
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performance. In view of the difficulty of tuning the model
parameters of the nuclear extreme learning machine, INFO is
used to optimize the KELM parameters and reduce the error of
the prediction results. Finally, seasonal data with obvious
characteristics and three weather types, sunny, cloudy and
rainy, are analyzed. Compared with KELM model, RF model,
SVM model, GA-BP model, CNN-LSTM model and
GA-KELM model, the results show that: the comprehensive
determination coefficient of INFO-KELM PV power short-term
prediction is 0.988, which is 8.51% and 6.14% higher than that
of GA-BP and GA-KELM respectively. This method not only
realizes accurate prediction, but also ensures high real-time
performance.

KEY WORDS: vector weighted average; extreme learning
machine; photovoltaic power generation forecast; kernel
function

FEEE SRS HE K 20 2GR R LT ZR A T 2 B Y L T R
Gr ez HE FETHRIFNI& ST REIRTE g OCs 2 —, R, A
FOCRAFIBITLAE . S2ZET . VL B AR RE
BRIRAS SR AR 5, A G0 (R A TR 50 J7 Vo5 T W 0 e A o
7 B HARAGESE IR, Jyil, 1200 H T [ = A
P13 (weighted mean of vectors algorithm, INFO)-## [l 2% >]
Hl(Kernel based extreme learning machine, KELM)43 75 24,
AR PR T 2R S TN T 3% o A B 27 ST AR 2 A
AT, REDLZMREMETT, FENELHIEEE



7 W

e A R TTI0 R A FO IR FL T A ) BT 84 - R R = ST LI T 5 v 2751

LB, K A% BRI NS AT S SR AR A e e M
I B A S BR  EZ AR RE T 5 SIS F B A B I (R
B ST s BT X AZAR PR 2% S WU B 2 4 Mk DAE T 1) i) R,
fFH INFO %t KELM AT, I3 T 25 SR iR 22 5
fE, Ed EA R RAHMERET AR RE R, £, A3
TR AR AFATHAR S04 B 7155 KELM AL, RF 4
R SVM 57 GA-BP f& % CNN-LSTM #fl GA-KELM
BERY 6 FhOTVEEAT IR, 45 HA: INFO-KELM JefR A H
Th S T 455 v E R AN 0.988, B GA-BP F
GA-KELM 43 5l#2 Tt 8.51%K1 6.14%, 1% J7 1378 SLBLHERA 75
T TR A AR T 2650 s 1 S 4

SRR M EIIBCPY s BRBR 2% SIHLs A otk K Fa TR 5
LR

0 35l

TR FEE 1R 4 A 2OGAR K F T 28 R 3 000 %
L R G0 B N A& B TR PRI SR oA =X
SeAR AR e m BN, oA SO R TR
A, RN ZFHENLEERZmN, AR,
FHEE . HARATE U IR AT
A KOG R D) 2N 7 v F E AR T AR
KI5 BT RO vt 5 iE A T L
BEESIRGETTITER, Hoh, BRTRERER
SRR BTy 2T 7 AR R IR K R A
VIBRRF AR B, 255 R5R . ROUCHCEE, @l
S ST AR A TR AN ) A TR SR N D' AR K L R S )
Th A o I B 75 VE O AT R B K B S
hy SCARAF BIFFPE 738 LA R SRR AR R 4
PERERISZ M SE T T, FA TR T SO PURT A
RS A (HXETNERERE L 8dE, HiiT
SEHREARME, S5 R AFE g, 4>
A OGAR A HL D F0 (1) G v 2 5 VA L4 8 B ]
A ¥ 2 °F #5155 A (autoregressive moving average
model with eXogenous inputs, ARMAX)Y, [ [a]19
21 3 7 E AR (autoregressive integrated moving
average , ARIMA)® & Inf ] 5 51 2 &% (4 38 40 7
01 R8T ST ARIMA s 8] e 47 F5 i A5
AL, SERL T HC HLR ) 3 A OB AR R LD 2 A Tl
SCHR[OVFI FH K (L TR BE LS, AT B BhiR 4= e HL il vh
IR K ARG, ST B 1 K F B Tt A 2
X EE G5 T H 2 I VAR T B A TR B IR IR R S
BRI I e B 7Y, (L LR B 78 T 38 3 X 4
P — e s R, HLE A BRI & 4 0
SR e 1 1 PR A
B N TR BB R, WL 5 2] 72k

T2 30N AESGAR R L D) ZR AT S TN A0 . X R Tk
35 I 0] A% 3% 4 4 W 4% (backpropagation neural
network, BP). FALARM (random forests, RFs). ¥
FF 1) B 0L AE B AL 28 5% =) 07 VR F0 4 AR 0 48 I 4%
(convolutional neural network, CNN)FIH:%73Hic 12
M £ (long short-term memory, LSTM)&5E9R 5 2% 3] 7
o SCHR[LLSE B — P I T B & B A o) R FBUE T
BP #HZMZ%, XM BT A =1 — AR R 4t
BAEAT AT IETIM . BP FhLE W% eSS4 A
FHIEZ R ARG R, W T B AR DGR et
BN A . (2 BP #HE M Z NS HI T
FUREE, AEENSHOREERT e Y e, 1E
BB, SRR e BN R, mIcikik
AR AR . SCHR[L2)42 H —Fh 2 T BE ML AR AR T
P A AR B3 (ant lion optimizer, ALO)%:
B VR B TSR, BRI VAN [ ' REAT A 11 1
X AT AR A IR T, 1207 V5 Re e Ab K B 1)
HINFHE, JFEXPRHMERHT B 3hikss, THkTshidtiTr
FRIEFE SR b, BA GG, 2R, %
TIREAEAE R B R, DRI 75 ZE A I N AR
B, HHRBMERZE. SCR[13]4E H— M A T35
BE PR3 A8 AL BE A SRR R B AL TR A, 1%
FEE R ) B OR v K2 B R P X 20 7 0 B A S e )
SI I Ty 20 4 AN B R S PR (numerical  weather
prediction, NWP)HJ SR, *OGCRRFEHAT T
TN TN, A R0k T ZHOE B i R &
BAl. SR, SVM BRI R 22 HIl 2R 55 0%
P, IF BAEAL BRI SR AR I A 7E R A

DRPE 2 D) 7L AR R M AR AR J7 5 . 52 ST 0R
e, HLAE A AR eIy P At 70 e @, b CNIN 7R
PEIR U 2, s T SRR
KT R p r E TN, 7 B R I 7 T, S0
BR[16]42 i — > 5 /2 CNN-LSTM 57, Fi| Fij 58 &f
STV Temixco i X (1) FLSE R 1R AT AR & L
T A R AN S U R R B B A, W]
Rer= A B G BRI, PRk SOk [17] 4
LSTM TRl A BEflh BN T 7B 295 CNN J73%
W BARERE, R DR SR, AT
R 005 AU, (ETHR R R TR s, HfR S
BRI RN EHEESH

ER— PR E M a W 4 5k, MR %ML
(extreme learning machine, ELM)LiZH % faj B, i3k
AT TR 5 T B ARSI, HA AR A R AL



2752 S L LA S - ¢

5 46 5

(), AFCAERE S A, DRI R R
FEEAE G 8 BB AR, ELM C) 32 B T8 22 45
TN fe BEEE OV, AR TR P R R 4%, ELM T
WBERHAT — KA LT, Ao RIGEE— 2
)RS A I A, (R R SR 2 HoAh T
G fE R LSRR VFZ T ELM OGAR & F %
R R R S, HRIESE T H R AF I EH AR
Ni 295 F—Fh 45 & R BRA% i (lower upper bound
estimation, LUBE)F1 ELM 48 i J7 2534 Tl 4 15
JeAR R B . B B SOHE B TR B2, Tang
sl ELM SRS &, B —Foe e
ot (VRS TR 7V, VAR T AR 1) ik R e 2
WRZE AN SR PP 2% . SCRik[22] 3t —Fh 3T
158 AL ) £ SR A2 BIR 27 > B B A 396 AR %
TRIBERY, A5 (1 18 s LR W] LA W7 b FH 7 i Hfs
B e o i B B . PR 2% 2) ML (kernel  extreme
learning machine, KELM):&7E4£5: ELM (1) 3EAt -
FERETIR, FHAZ MR AL, R = 2 2
R4 1) 2 0] v R A v 4 = 1) P RS B 1) . A
BT ELM ELAG 5 i 1) X 2% i HH A e PEAIVZ AL R
TN % ARG G AR B i v] DA A il S
P T IR OCERARRAE . 28T, 46 KELM £ (1) 4%
G N TN 25 (1) — Lo S HUE FENL /O, Xt
TR 25 R p— € FEFE R ZE A Bt . PRk, 75
] AL LR KELM B3 T 43t .

FT LB e, ASEH Moo R %R
&2 INACT- 15 (weighted mean of vectors algorithm,
INFO)5E St I th— P& 2% O T 73 A
ROGRK BIIZEE INFO-KELM FE AT 5. B
J6, FEE ELM SGARDIZFNIAEAL, DB AR
BEMLELES, R0 smA A AR0E 1 B R $e 1 2 A RE
J1s HR, BT RZAR PR 2 SIS AL S H00HE DU E 1)
] @, K FH [ FE BT 35BS X KELM BYE 24
HBHATHRAL, $EH —Ff INFO-KELM 434 6 R & H
DN, %7 RS A R R AR IR 2% S ML
TR BEATL ™ AE B 280 ) X 2 ANFR0E a1/, T
FEAR T 2, EAR R rh, sl v AT 35
MEMER MR ERRNES, BT
GA-KELM i Z Ok FE . 58 XA R4, BRAC
TR S A FEFI RV #E, INFO-KELM i i inAl
SF-35 1A B B T EA S EL, BRI RN A 58
fFRHIE, RARREE N & &)a,
S FLSO AR R O, IR R F O 4 RN

TR HEAT 48, BOUEAZ TV A T A A A
it FIE o

1 ET INFO-KELM WIS HRMIREZBIY
UM T 5%

AL R Z AR R 22 > LAY 3R 4T 43 A0 OB AR
RN IX ARG AR TR, 2 IS
DA 7 (1 ) 50, A58 ) S TR P 380 SR 0 T A A R
WL IENME KRB S HOT S8 F. 1%07
FEHMEM T KELM AU 46 2 ok B BUK
PE, ATCUIIERAREE P 2% NSO B, I B PR
TIIAS FE
1.1 #ZRPRE SIANARE

A R 2 ] LIS 2OL L oy o J2 o 428 ) 2% A T
SR — TP B 2, FAEMZRLT N THE M4,
mf A B 3 N2 RA K. Xt 2
TR, IR MBS, T
JE M IO B () R A, R0 RE

MRS E A TTIEOE RECN g(X)B, X —
MR TEBUREE X, =X, %, Xy I SRR HLT)
KR ELM #i i il %l

Yam (=T =[t, t,, - toJneo> ()

ELM 22 S) kB v] S8 0 TR FH fe /> —3feid sk iy
Peff . b B R e e AZ AR S, BINIEN
WRE C, RGN 3RefE, H:

ﬂ*:H*T:kﬂ(HHT+éyﬁ' 2)

X HABREERBAERE: HOAH K 08 B
RIREE 2 5 2 1) B AU
% ELM (% al DLERZR N
Yeim (X) = g(x)ﬁ* (3)
1458 ELM WX 28 75 DGR K FL Zh 2 i A2
AT REER N BE AL A S N R AUE MBS 2 B E i
JSC IR 28 AR e, B R e ARG FE
W% BB 5IN ELM o, SR RZ LG & 4 ELM
o IR BB I Mercer’s 2648, & XURZAEFE N
Q=HH"
{Qi,j) =h(x)h(x;) = K(%;,X;)
o KO RZ BRI, A SR B 118 1t P S P
Mz R, R/

(4)

2
X —X;

7) ®)
g

K(xi,xj):exp(—



7 W

e A R TTI0 R A FO IR FL T A ) BT 84 - R R = ST LI T 5 v 2753

A g NEESHL
KELM [ 700 %t pR 20T PAZR R N

Yeem (X) =h(X) 8" = h(X)HT(HHT +é)*1'|' _

K(x, %)

(@+L)*T (6)
C

K(x, %)

vl S <K sl

gi EWH, #3% g AUENE A% C 2im
KELM Tl M RER EHE R F . KELM fEBIZ R 4L,
SR ek TR A C T RIUE | 2 A C S N NT(TEE S SE 5
SREZAGRE S, HARXEEAR) ELM 5%, KELM
TR E — NSRRI SE), SEORTAH
XA, SR IE R A REfE TR ELM AR B R 28 A2
JE )R, ZHOR B2 BRI AR, JUH R
Ak B 43 A7 AR K HL IR A I8 B 3 K LRI A DG
BRI BN, WRERIIAE.

Rk, AR SR o a ke R SRR 2
e, XFEERIEMER . 0 DOE RS2 ) R
Az T () B A i«
1.2 [EEMNFHEE

[ B AT 34 92 P g — A R e e ke
Hyk, HAIFMEE S0 WSOR AT A
T 1A% 505 (genetic algorithm, GA)Z& Hofih 7] 2 5
%, INFO BEHE mak, BN T BCE K7k
IS, AR AT BENLE R AL F . INFO
BT ARSI, @ R R A R INBCE 300
W BEAT SR, T 2R s a) v — 4 [ i AL
8, ZEEAAR R A EA Rk, @i EE AT
filt, INFO SVETEIESL LA IR B o

INFO ffi ] 3 FhoF Rk H g —A &
B, 7T
1.2.1 FEHTH

INFO 8 F B T ¥ (1 R0 U] (meanrule) 55 )
M0 E, & N —2H B A IBCAE 3 .
INFO Hik i N 1 e $ichn 3 & 73 (convergence
acceleration, CA)UMEm AR KAL), HAFH &
e B R A R ST . SN o
AT LARIR N Cy

Co=rx—— @)
f (%) = F (X, +6)

T GA-KELM, INFO-KELM 7EHFF %

FEEEEA, BT GA TERMEE B R T e

B E 2 RTCR UV . 2B R AR &
PLid it S(8) AT T4
z} =x}+oxM+C, (8)
T M 4 MeanRule 25 . AL H LB BAZIE 4
JRIEAT 195 2% DAAS 248 R 3 SEAR (0 s B) o AH
M, FEF Xpon Xy X HTXS [ INFO SEH BT
FU AT LA 7S A PR ARG L -
r<0.5
}=x+oxM +
(X5 — X3)
r x
" (F (%) - F(x2)+D) 9)
70 =X, +oxM +
(X3 —%5)
r x L
) - () +D)
r>05
P =x)+oxM+
‘ x (X2, —%3)
O -F0E)+D) (10)
0 =Xy +oxM +
()
"0~ 108)+D)
X 2P W20 A% g ARESE A& f(x)h H AR
BIME; ata7as#l Z[1LNp] P EENLE R ¢
AR EG ¢ N[0, 1] FIBENLEL 1y IRA[0,1]
HIER AT Xog~ Xy M X 7300958 g ARHIREA
HRERAR . B A A )
INFO vkt T . BRir 5z M M
MeanRule FEA7RIG INFREE 2 K6 1%, M AT AR IR 9
M =rxWy, ? +(@-r)xW,, (11)

WMIF =0xy+exr,1=1,2,---,N,

WX (X =X )W, X (X X )FWoX(Xy =X, ) (12)

W +W, +W; +&
Wl = COS((f (Xal) - f (Xaz )) + TE) x
F(x) - f(x,)

exp(-| )
w, = cos(( f (Xal) —f (XaS )) + @) x

f —f 13

ol (xal)w () (13)

w, = cos((f (x,, ) — f (x,)) +m) x

Fx,)- (%)
w

exp(-| )



2754 S I £ = R N DR S A3

5 46 5

At o= maX(f(Xai), f(Xaz)l f(xas)) °

Wy f =0xp+exr,1=1,2,--,N,
¢:W1X(sz X)Wy X (Xps =X ) TW X (X —Xys)  (14)
W, +W, + W, +&

Wy = coS(( f (Xys) — T (X)) + 1) x

f(Xps) = F (X)) )
)

W, = C0S((f (Xp) = F (X)) + 1) x
f(xbs)_ f(st) (15)
@

exp(-|

exp(-| D
Wy = COS((f (Xy) = T (X)) + 1)

f(th) — f(st) |)
9

XA o= F(X,): Wis W fll ws iy 3 MU R4,
M T EImACF g E, DS INFO SEATE 4R
fige 2 1) TR T E A
IR = [ 7~ St 20 (16) s «
{52ﬂxﬁﬂ

exp(-|

(16)

9

ﬂ =2e Imax
T guax HEKIERAEL
EE 451 R 5~ o H 1 4 T ) = K A 44,
KA FTR:

o=2axr -«
(17)

~dxgM
a=cxe "IN

ey d BAEE BORK o5 4 ui i B & i
B &, TN of 45 24 Fi AL B [m) s
¥Jm . INFO-KELM faifk 7R 250, il B
IBCFRA g s s,  SER R . GA-KELM %77
T FL LI R, EFRERE . 2 AR
LZAPER, XIGIN T SR 2R B R [A] Y AE .
122 mEHE

97 G INFO (M2 FEME, £ r<0.5 I,
R8It EARF & 2. 277 x4
AR g U

{r<0.5 ul =z +ulz® -0 |

(18)
r>05 ul=zP+ul|z)-27]

A u=0.05xr, .
1.2.3 JAEBER

A R R A R e 0] LA 1E INFO SVETEN
R BRI . INFO B0VEM R R 8 T8
% e A R E xS, 5N, x4 Rk

xR, ARSI SR . BT 0L R
B, INFO HEBEAERN T — LT xL, T &
u’, A BTSN S .
1.3 INFO-KELM S # iR & BB I ZEFUNE R
B 50 R W PR 2% S ATLASE B B ML 72 A 1 2 300
(R DX 28 AR T R, R FH ) S A~ 350 B U o L
1Ak, AT e X 25 1 R, SR THAZ AR PR 22 ST
MIAEEE, PRACEE AR s LA 1 fros. /&
IR I & WS S g R G, HmE
BT 35 58035 4RO & FH T 224 i Tl i e AR
AR, SZELX KELM &k IEN{L =% C i
%A g kAL, I BRI AR E . BRI
AP IRUTT
# 1 INFO-KELM &%
Table1 INFO-KELM algorithm
B W
VIR R B, 35 R RT3 75 o ) U 2R PR T SR
HBIP T o 28
2 {4 F AR B SCYE INFO ST MR L 3480 f AR 2 )
3 AR AU E B T SRR T o
4 FIF INFO Bk = B9 2T TR IR 1534 5 4 deh o
MR RT3 Bk BI04 SRS 3 45,
K2 A
6 MR IE ML R C RIS M g 37 KELM AL, 770,

1) 26, HhHEALE L A B R K,
oA SOGAR R HL LA BEALE RO [ &M Ry s,
IH— A TT R A B AR R AR R EE e
Hepl[0,1] 2 [ %, WHEdE B AE 2= 3T R A
R

X, = 3~ Yo (19)

Xmax ~ Xmin
T X 1 Xenin 735011 9 113 52 G AR R FAH SR B804 1Y) e
KAEAN S/ ME, BAREFE SRS AR 5
WRE . AR AERHRRE KR IR

2) BENLE B RBR 2 I A N 5 i b =
WAL BEEWRESY, HRARSEHER
TR R RIS o

3) BEALL EFRE R, W€ & INACE it
FEH AU E Bl 5 SH EL B R 1 o K435 75 1% 22 BR
A CU RSP RIS E

fitness =E= N Z(yreal - y|) (20)
i=1

A FEARLHER N EON Ns e ATy ARG
KK IR SEPREAE R ME, 25, 15




57

e A R TTI0 R A FO IR FL T A ) BT 84 - R R = ST LI T 5 v

2755

HIAGLRT B

!

|
|
S| FARen
WANGERRE | |
I ! A1 i
|
R |
|
|

KELM

®

Ak J5 FIKELM
INFO-KELM SR T 2 T
gk X
BEE AR IEMIE &
CHI Sy
?

] R

W
X7 K
5 .\‘;
AN
KELM

A

F 2 KELMAE

! |

BEMLAE B IE AL R
HCHI% S %y

IR R, wESHIMBUE
INFO HF s ML BHIE Fo

v

SR, SRR ) 2,0 il 2,

v

HEBHA R

v

RSB R R A uf

1 INFO-KELM EAFUMRIZE
Fig. 1 Prediction flow chart of INFO-KELM algorithm
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Table 3  Error and similarity before and after power
reconstruction of different weather types
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Table 4 Compares the initial parameters of
the prediction model
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Table 5 Comparison of photovoltaic power generation

prediction errors of different algorithms when
the weather type is sunny

TR R? Mae Rwmse
KELM 0.96042 3.7805 6.8278
RF 0.97384 3.4938 55510
SVM 0.96081 3.6901 6.7941
CNN-LSTM 0.9824 2.7332 45528
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prediction errors of different algorithms when
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Table 6 Comparison of photovoltaic power generation

prediction errors of different algorithms when
the weather type is cloudy

T A R? Mae Rwmse
KELM 0.95835 24472 4.2694
RF 0.96183 2.4862 40872
SVM 0.96909 2.2133 3.6780
CNN-LSTM 0.98426 1.234 2.6244
GA-BP 0.97912 1.9211 3.0231
GA-KELM 0.97278 2.6745 40081
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Fig. 7 Comparison of PV power generation prediction errors
of different algorithms when the weather type is cloudy
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Table 9 Comparison of the running time of each
algorithm prediction model

Tiik P IIEAT I [8)/s
KELM 0.2482
RF 0.4811
SVM 0.2692
CNN-LSTM 6.4120
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