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Abstract

Photovoltaic power plants are increasingly becoming the focus of new energy, and accurate and
reliable horizontal irradiance (GHI) prediction is one of the methods to solve the problems related
to photovoltaic power plants. Therefore, an effective hybrid model CEEMDAN-RF-LGBM-XGB was
proposed for predicting hourly GHI. Firstly, the complete ensemble empirical mode decomposi-
tion with adaptive noise (CEEMDAN) decomposes the nonlinear and non-stationary meteorologi-
cal variable sequences into several modal functions. According to the degree of influence on hori-
zontal irradiance, the random forest extracts the features of the decomposed modal functions to
reduce the data complexity and achieve the goal of dimensionality reduction. The combination of
the complete ensemble empirical mode decomposition with adaptive noise and the random forest
obtains a set of simple and informative influence factors. Secondly, the lightweight gradient boosting
algorithm was used to predict the horizontal irradiance in three different climate regions of China,
and the initial horizontal irradiance predicted value was obtained. Aiming at the inherent errors
generated during the training of prediction models, the extreme gradient boosting algorithm
is introduced for error correction to improve the predictive performance of the model. The per-
formance of the proposed model was tested on some mixed and independent models. The test re-
sults show that the minimum %RMSE (%MAE) of the proposed model is increased by 23.14%
(24.45%). The experimental results show that the proposed models have the highest prediction
accuracy, and the proposed hybrid structure models improve the prediction ability of a single
model.
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K BH e M ER b A B L T P AR AR IR 2 — 1], TR BHER ST &K P RER EZR IR 7E “W” HAR T
[2], N7 b H T AR AR RO BH BE TR, AT KP4 IR O — TR ZE AT 5% o /KP4 BEEE (GHI) 2 F i
BRF AR 7 10 BB B R BHEE S S B BFFT GHI X 2 MR G 5 B AR . fERBHAE IR K
HLARG T, GHI 2— IS E, FONERREREA M X E S IR H R PH e AR S X T
il A B fe FEIBAR 1) 1 B AT BH e LT 4R B3]

K BH 6 R FEE B T R 3 2 S = SR B | SRR RO B S R, A R T R
B FIBUE TR EAT T, (RAAAE SR e vt B SASFAN e PEBR R [4] . AR R T2 4G Gt A
B T /KT AR S R B Fitil,  Jrb B RE (AR) S AR AR [ S 351 35 (ARMA) AR 1 56 i A 357 i i A5
B[5], SRUEIX LR A] DU AL B RR I (R 2, ARTCVES R RR AL . KU AR R S S R
R ORI, BN T T RIZERIG . =T PE ARIMA B (SARIMAX)SGZE T A, 55004 T 2% & AR
FAZ BT AR R [6]. BEE N LRREM AWK, SCREAERIA(SVR) [7] [8]. K ZZ4F(KNN) [9]
AIFEHLARMR(RF) [10]55H1 48 2% S A H THa IR B (Tl . LA S Se v R B AN BB AR, L4352 )
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R I Be % AP LS B 2 (MR &, B IR ).

N1 IR [P VB PR BCE IMEAE ., A REORBIETA,  Fer /N AR 42 i i 0 3800 4y
MR AR BRI BRPELE T T8 ORI £, SIS /R (EMD) [11] K AR &R TV,
EMD () — L4728 A 45 B I K 25 20 R (EEMD) [12]. 584 138 N M i 42 45 £ B 15 25 73 i (CEEMDAN)
[13]F1 23 ') CEEMDAN (ICEEMDAN) [14]%%.,

T B EE I GHI T P HERA AR B PR, ASCHRH T — R TS R AIALER 2 ) TR S s 2
EMD-RF-LGBM-XGB. 85 & 55X WA 1) GHI HeHf F1 F 76 4 H 1 R 75 R A 2 0 A5 73 iR (CEEMDAN)
AT R, RECHFRIAREA &, DA DS T 25 72 P A A xR B ), R FH BV LR AR (RF)
FEEU B R R & . B S 2 (CEEMDAN) FIBENLAR AR (RF) IS 5158 T — 4 A & E
BT R 7, I S ek P 3R THHL S VL (LGBM) XS GHI HEAT TRINAS B 5 ] A Tl 5 51, g T B L S
HSTOMME R 2, RO B SR B (XGB) T IR M5 1E . SEIRLs R, ASCHTE H AR
AN X ) R I AR A

2. HLIRTE
2.1. CEEMDAN #&Zs 4y i

CEEMDAN & —Fiestid A 3 a8 o i 715, F 550, Fenlie T B R e a5 5.

F QN Z AT 5 NS B GET-F3) B EAR, R AL R AR 2R VAR AR B 5 I B A () B

. CEEMDAN 5| NH@&RN M, it 2 k5] ANAS RIS BN E ST 0. X T 25 08 A A B A5
T, RN

X (t)=x(t)+n; (1) (1)

Feofn, (1) 5N
SRR AN 15 23047 CEEMDAN 40, 3] —41 IMFs. /Mg L7 -

K:

X (1) =2 Cy (t)+1x (1) @

)

Fobt, C, () A8 | AMRINE N IMF, 1, (1) 928 | ORI A5
FRERLE ) IMFs HEATGEHHT49, 3 BIREN IMFs. 35 AR AT DR A

AveragelMF, (1) =%icij (1) 3)
AT SN
x(t):iAveragelMFj (t)+ Residue(t) 4)

j=1
Hep, 3 AROMEEFIN IMFs 50, Residue(t) 2RI 4P .
2.2. BEHLZRIK(RF)

BENLAR AR THR I U 2 MR, XS A E O AR B i 4K . PR 006 XU A B 3
AR R R RE MR K TR MR 2 AR I BEHLAR AR, RS DRI AE FH B AL 10 K 1 S A B AL
WFERPRAE T8 BPXHEEN RN, TP RRENRHE EE . BRSO ERR T R bR, fE
B R FEJEAGERLR/NG ., RPE Y A I PP R AL AR R SRR th T T A R TR
2811 IR I o 5 O N PR 1 AN /D s g 1 P 2 S S D S A 2R SRV
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Importance; = Ztrees Average Contribution (5)

2.3. LGBM t&E#!

LGBM ST T 2017 SR AT bR FE HEGRAE L . FoAZ O AR W 55 [R1 A0 20 A s Rl A o FRATT H
Froe 2 2 — N EH R, A0 T4 A PRHE &, BRR8 00 B 6F 87 (1) H bRfE . 76 LGBM 1, AT H
B A& B/ MESR R AL, 532K R B8 R TR 1) T B A S SEAE 2 1A) 1 22 S A e 1, JE e 1R B i S B0k B
A 2% R Y

Obj(t)=minL(y,,¥;) (6)
Hopd y, B, § ABRTIME, (Y, ¥,) =Rk

LGBM & FI#H B2 S T S kiZ b BT d AR 1 £ (X), 7E28 k U, 4 a2y (g F0 i e

fo (X)) MIFRATH B AR R —AEERAEY b (x) RAUE TR
hk(x):argminh ZLL(W fk—l(xi)+h(xi)) (7

SRR AT, 132 T2 K BRIEAR KIS E. K5, BATEE AR p REFHEART
FE -

f (X)= f (X)+77h, (X) (8)
A TME R 2 AR A
K
¥ =2 f(x) 9)
k=1

2.4. XGB =&

XGB, 4%} Extreme Gradient Boosting, & —#h3& T 5 Z #TFHL(Gradient Boosting) ({5, B AL
ANTTHAT TR, AR AT I AR ML e EAFAE S . FET PR SR THESE, 76 H iR
SRECARIE LT, R A, SemizfEe ).

D ={(x,y,)} FREED n A, m AMRHERBARE, Hob T R Bk AN ARAL A B I
B FEARTRINGE R

%zinane¢ (10)

Horpr 9, FORTAREE, % FOoRF A — DA, GE AR TIIME R (X)), XGB ) Hbre& Bt £ 4t
PR BRI G 2 . W R P

0t =3:1( 5+ (x)) + () a7
Hr 12— MUk, e R RINER BFMEZ R Z R . QN ENAGIT, & FBARBAL 1 5% 1,
LB 2
3. FAEMBEER
3.1 BIRISE N RiEiR
A SRR KR T R 5K BH 4R S 508 22 (NSRDB), K PSM V3 YA Himawari T2, I 8] 2 #ER0N
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1h, ZFEGHRN 2 x 2 km, EE T kE S E=Z/MCERIP T 2019~2020 PIFE IR, BT 7% 0 K PH4E 5
SREEARECN T, A HE RS X GHI AEZ I ) B, HERR o T FH 5 S 5 B A sl 2 15 2500 ) 4 ek 1],
A 80% I H T 4%, R4 EEEH TR I, = AN X PEgn i ol W2 1:

Table 1. Geographic information

=1 HWEBER

Hoxd 4 2P 5 f

AL 39.91 116.39 IR 2 1 K P 2RI

EUN 29.56 106.55 T 2 R
R 45.80 126.53 AR TR U

GHI 2% [EIRE(T). AHXHEE(RH) KBHRIIA(SZA) JATHE (WS) 55 FAth AR F A Jy TR0 AR 7Y (1 Fi:000
A B AT TR AR B . ST MRS “Pearson A R . EIA SRR, Frikas
R NS vl LI R AN PSS

JR GG O] REAFAE SRR AN S (E, R TP A SR TR R AR, K R EURT R R A S e 9 B AR S
g, DARRREAAE S .

3.2. VHLIEAR

TEARSCH, 4 35 77 MR 1R 22 (RMSE) FT-F 4 265 1% 25 (MAE) K VEAS BT fe R B i e . IR PEREFR b
CIESaY/ I
1y 2

RMSE =[5 (%, - 9,)

1 N
MAE:_N 21y =%l
i=1

3.3. CEMDAN-RF-LGBM-XG A& &8

ARFTRESEN, GHI SZIRFE . AT AN RGE S 2 AR R, B S A s A st . [\
B GHI (AR A0 R B8 52 21 22 Fh K 25 1 A ELA2 M, %) GHI PRI 0 EL A AR K Pk Pk

BT B GG EAEAFE R S A A, O T SR G Hb T R R, KA CEEMDAN (177 1544 7 46 4k
ERFAESBEAT 70, A BB SRAS AN RS (A AS R B [14] . FR T 205 RS BR B8 H BOR, i TR i)
THEER—NRORHIPRGE, JE Tk, R BEHLRARIE SR U 752000 70 5 RS sR B0 T e 4, 1931
TR A RREFEE N TINE T, RIS A 025 5] AR R A 8, BRARTH R A . 7R
fih b, XA O R GHI B#EAT W . 75 SCHk A R4 E) RF 5 CEEMDAN [ . it CEEMDAN 1 RF
MghE, BRI 7 IR M AR N TR R S AP i TR B2, 28 JE 2R 2 7 B I AFAE AR
FORIIIE R, IR Z P I TAEIE, 1925 R TR . R3S GHI R ARRE, A SCHE H 20
HEARAEME 1R, AP RERIT.

(1) 7rfik. FIH CEEMDAN ¥4 546 2 s 15 i R 3 K UGHEAT 1538 40 i

(2) B Z . KBENLARAM A TR EL[15], X 20 45 21 AAR 2 o8 BOR FH BB WL AR MRE AT 45101 2
VT, 5 B ERAE R AN R 5 AT 0 — A B
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(3) . FEEMIIEELE L, PR RIS IEHE LGBM B2, X GHI #E47 Fii[16],
75 2R AR TIAE 5

(4) REBIE. HHEHESESTMERIRZE, FIH XGB MR TIREZ L, BRREBILE;

(6) MRNMALR. BYIETINE S REBIEELSS G, REGRATMLR.

e | EamEm
bR WE . HE
|CEEMDAN 2543 il
. Y . 4 . p A 4 ) g
|M1,....,1MFn1 IMF1,...., IMFnZJ === MFI,.... M ( L REFS
~ 4 u S 4,—/
Y 2 h 4 \ ‘
( BHLA RSB \ ’ v .
N { T - REMBIE
R AR «
S8l , V
Y o ( >
( WIGETIGE R S ‘ B2 A T
+ l + )
[ BTG5 R ]
Figure 1. Model flow diagram
1. {REGRIERE
4. SCHEST AT
AT A B R ar 2 a0 R 4k 2:
Table 2. Naming of models
T2 HEEGZ
e R 2R
FEAL 1 CEEMDAN-RF-LGBM-XGB
A 2 CEEMDAN-RF-SVR-XGB
1A 3 CEEMDAN-RF-KNN-XGB
T 4 CEEMDAN-LGBM-XGB
TR 5 CEEMDAN-RF-LGBM
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KR 6 LGBM-XG
LGBM Light Gradient Boosting Machine
SVR Support Vector Regression
KNN K-Nearest Neighbors
XGB Extreme gradient boosting

A ST FH B ATUAR BAK 5000 8] 3% 471 4 AR RO ASE 8 BRI B0 AT AR AR IR B, ) FH IO s 45 2 e A v e e e LR
FRAEE A N 20, ASCATR R FRNAE Rt B MR AN AN R A (X )4 B T,
MEREE B ZERRR W], ASCHEE T =M ML I8, LGBM At TR S s, B
BARZAGRE T o AR SOH =P BLVE ST Y 5 BT o AR AR ZE S E IR S A BT LU, TG Y
A S e ) RS FE

SIS EE RT3 R, fEILRtHLIX, B8 1 A LT LGBM 35 5 MR 15 22 FH-F- 38 4 56 22 43 Bl BRI
1 25.14%. 24.45%, A2 MHELT SVR (37 RRZ AR 40t 1 22 73 7 FEAIK T 26.09%. 35.36%, HX
B4 3 AHEL T KNN PR35 7 Hi i 22 R 35 4 0f i 72 4 A B 1 18.11%, 12.75%; {EEEJRHBIX, A4 1 AHLL
T LGBM [HI34 77 1% 22 A3 4 it iR 22 43 AR T 31.19%. 33.12%. #5274 2 LT SVR MR iR %
P45 1R 22 53 0 PRI T 28.14%. 32.01%, A7 3 AHEL T- KNN85 77 AR 15 22 1P 35 248 5% 13 22 43 3l ¢
KT 26.82%. 29.42%. {EM/REEHLX, A 1 AHLL T LGBM 34 5 MR A% 22 RT3 40 % 5% 22 40 Sl PRAR T
23.14%. 25.64%, 1A 2 #HLLT SVR M3 ML R ZE RSP 3 485 1% 72 7 Bl BR AR T 23.23%. 26.30%, 17
3 AHLLT KNN B35 77 iR 22 AP S5 4t 1= 22 40 B FRAK T 22.32%. 17.98%.

Table 3. Performance comparison between mixed model and single model
F3 REBEER—EAMEELLER

A GRAE{LaD A 1 iR 2 1A 3 LGBM SVR KNN
RMSE 78.91 84.04 91.18 105.41 113.71 111.35
e
MAE 51.76 60.96 64.49 68.51 94.31 73.91
RMSE 88.17 93.50 96.59 128.15 130.11 131.99
ER
MAE 62.35 68.75 69.18 93.23 101.12 98.01
RMSE 92.49 96.05 97.53 120.34 125.12 125.55
M IRV
MAE 60.32 70.45 70.19 81.12 95.59 85.58

N T IRUERES S AR RAAE SR B, R 1 SRR 4, BEAY 6 BEATLLEL, E=MBX E, B
MEPERER IR 4 PR, GBS AL LR 1 78 =X A HURS BE ARG 21 1 3w
CEEMDAN A B T B 7 41 b P AL ARSI AR 2 th sk, B2 ALIRIL 5, SIBRTURIFE, F#IR T

AROCKAER 1 5 5, A 6 Al LGBM B LU, 72 =M HbIX L, B pgPEae R BN 5 Fros,

BT, IGUEFRF XGB AR HEAT R B IE A . iR ESIERREA 1 AIER 6 78 =M IX
T KS B AR 3 T s, A 1 AR EE TR AL 5 £t /N%RMSE (MAE)$2 5 T 3.32% (3.47%), <7l 6
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A EL T LGBM 5% /N%RMSE (%MAE) #2757 8.23% (7.06%). HIMtal W, Rz e, 7 BA K T

P BE -

Table 4. The importance of modal decomposition and feature screening

4. RS BAMFHEFER EEN

bR PEM FE bR A 1 T 4 1T 6
RMSE 78.91 79.05 96.73
Jext
MAE 51.76 51.95 63.67
RMSE 88.17 90.18 110.02
HER
MAE 62.35 64.45 77.25
RMSE 92.49 95.33 99.49
W IR
MAE 60.32 61.21 70.57
Table 5. The importance of error correction
5 REBENEEM
Hb A I HA 1 A5 1A 6 LGBM
RMSE 78.91 81.62 96.73 10541
Jbat
MAE 51.76 53.62 63.67 68.51
RMSE 88.17 95.00 110.02 128.15
HR
MAE 62.35 68.23 77.25 93.23
RMSE 92.49 99.36 99.49 120.34
W RV
MAE 60.32 64.34 70.57 81.12
5. 45ig

AR T — M TR AEER CEEMDAN. FHIEFEIUEOR RF. Hlas# I LGBM MR ZZIE
R AR, A H AR T rh [ = AN ARV X D GHI TR, A BT B AL o 27 ST HA o g
REEE, WA R BRI P8 o N 2 AR BRI, BEALARAMROGT 20 IS eR BOHE AT RAAE SR, PR
PR ASE, SEmEIa AR, LGBM AU LE T 22 14 58 1 S5 (Gradient boosting Decision Trees, GBDT)
RERYLETEAT IR (B D AN A A7 T FEZE AR 7 T A SR IR, LA G RO 27 IR BAT S RS B

AHEFE I 3 BRI :

1) ARSCHR A g m 1 GHI TRIIREFE, HAEA RS0 = AN X ST RHE, AL T
FABAREARY, RS AR HAT B s ) FROIRS 2

2) ASCHTHEH I TS S R AVRHIESE UK TR A R 2 1 2 A 0, S — B AR LU, IR A 451
BRI AT SE G R BLRE /0 o TR S MR AL A 35 T AR 22 CP I 4 0 1R 22) e e PR T 18.46% (18.71%)

3) I X EAEBATRE SR AL, ik AR, BB T IEURRHE, PRREE = 0 H .

4) AFIH XGB BT IRZEIE, M T RFEATRFBIERBAL, TSR A m, IEM %
FEABIE A k.
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