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Random Forest Prediction Method Based on Bayesian Model Combination
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Abstract: To accurately and reliably estimate the solar irradiance, a random forest algorithm was proposed
based on the Bayesian model combination for solar irradiance prediction. Firstly, the K-means clustering and K—fold
cross validation were introduced to generate multiple training subsets so as to increase the diversity of training sub—
sets and to ensure uniform sampling. Secondly, the random forests were defined as base learners to establish an en—
semble learning prediction model , with each training subset being used to train the corresponding individual random
forest. Then, according to the prediction performance of each individual random forest on the verification set, the
Bayesian model combination algorithm was applied to formulate the combination strategy. The prediction values of
individual random forest on the test set were fused to the final output through the model combination strategy. Final—
ly, the proposed method was applied to solve the solar irradiance prediction problem. Simulation experiments were
carried out by measured meteorological data. Other four kinds of prediction methods were also introduced to estab—
lish the contrast experiments,and the accuracy and reliability of the proposed method in the solar irradiance predic—

tion were verified by comparison results.

Key words: K—means clustering; cross validation ;random forest ; Bayesian model combination ; solar irradiance

+  WFSHEHER:2018-04-25
EEWH: EFE ARPlAE 4B H (61403274, 61773282) , National Natural Science Foundation of China(61403274, 61773282)
YEE I HIR(1983—), %, KEEA, RETR2FHRIBZ , -1
+ IR N, E-mail : dongna@tju.edu.cn



124 PN === QSRR S Y

2019 4F

K BH BETE DG AR AT A v, STk 42 I ] I
PN T AR BETR. 57 Ul o R B 5 UM
PRI 2R 5 | B2 O B A 4 S () AN 2 P 24 1 O
STV SR YRR FE AR T 7 ik — LR K FH RE S
WFFE R

IR, DK RE 4 AR Y T 9 32 A 5
FE AL (SVM) FL T A28 R 2871 ANN ) 3503
X A ) B ME TP I 2 A 1 U1 e 25 A X
AR 22 Z AR SR, FE I Zrad B A 5
P A BRI E R BLAR. SR, 7R PHAE AL R
SRR BER B AG THIFTE b, CRUETIINRG B2 F) ] )
T 85 2R ) ] S A B Sy AR N ) Oy R
e T 25 2R R a) e R A TR A e
(ensemble learning, EL)" 22/~ 24 > 2R 41 & #F —
B, B AR A Bk o] A% B E R AL PERE N
A AEPE.

AR SCHE Y — T 5L T DL S S 7R 2 5 1) BE AL AR
MR F73 (Bayesian model combination—ensemble
learning, BMC—EL ) H] < BH i 4 22 500 , fuf 1T B
BUARBRAE e 2] R sr R L ST R BRI A
K-means 2RI K 3758 CRIE" M TR A0 I 25
LR R Z RN T2, AN o) d i AFEA
2R, RS AU ZR T IFIN 2R D BEHLAR A
ZJa, MARASABELAR AR RIS b A TR
SR JH DL - i R R 2 5 UV ) A BEHL AR PR 9 4
B R I K A BEALARARAE I AR b i T30
P AR 0 R B 2 5 SR s A 3] e ¢ K B RE i IR E T
lEER

1 FH 36 B4 B2 2013-2014 45K BH g Hi
Se SRR WE BRI 288 ANN SVM  Mul-
tikernel_SVM K -means_RBF 53 2 37 3 TR 428
T %) O BH £ 48 M8 T o) IR S 3, SR 2 RIS IE 1
$i L0 P A A O P R s 1R S0 A 5 e 1 v A
FTATSEE.

1 IGFESHEMEAE

TRLHL A ey > 05 22 0] 14 2 57 1 LU S 25 ek, £
Sy A B AT B R PERE. S 2k 15 1Y
ZREVEDU R s ) A AREAR B 22 S . TR
G R BH B4R IR T AT 5, AN [R] R CIR B
T RGBSR, IR GBI R A B
RN TP AR SCRBUEA A A 2. B

Xf AR [a) s, $2 H K—means JE2EHN K P738 LB IE T
BRI AR, nE 1L.Ch T IO K-
means FAHN K 5 EUERT T A5, J5 308 K 9r5c
SUBGUEM R M 728 SUBGHIE )

(v pie i) (M 75 L)
! v
(16,68, b0) (03,63, ,b3)

|

B 1 I%FERA

Fig.1 Sampling of training subsets
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HIEL 7 AT, 24 CART ISR 45 31k 200
i, BEHLARAREY OOB 1R 22 TISL. K K BH AEAR IR
J3E U S 58 v BE ML AR AR T CART 0] U % £ H ik
A 200. 75K BHAERE MR 7 FLalg b, 4 e ~) A
FUVEE 10 ZHREHLARAR, X0 B3R 10 2746,
X RRSC I S A E N 1 R, X RS EL i
D5 RN Sl T o8 B R AU 2 & SR
FH DU R Sp- 2, HAB R 8 5 DL S B 20 5 19
BEHLARPRTITI 5 75— 2.

* 1 KPEBEERETNBREEHSHIZE
Tab.1 The parameter settings of solar irradiance

prediction experiments

ZHE

pOpiEE e iy

ANNT trainParam epoches = 1
trainParam goal=0.001 learning rate a=0.1

density coefficient =0 overlap coefficient e=1
K-means_RBF”

cluster radius a=1 trainParam.epoch=1

trainParam.goal=0.001 learning rate a=0.1

cost=1 gama=1 model=epsilon-SVR
epsilon=0.01 kernel=RBF

SVM©!

cost=1 gama=1 model=epsilon—-SVR
epsilon=0.01
MultiKernel SVME (1 1)20.15%[x"y+e 10,155 (axy+¢ ) [+

Iy ll? el
e =
0.5%e +0.2%e

54 FTHHER
AW HOBA RS 3l 114 K [ Bl 4 e 3 1 )
il GEFS 3 i3 A S B B 4 (2008 4 2 )5

(A BH RE 5 HEEE R A FF ), 1994 4F 1 H 1 H ~2004
4E 12 A 31 HBFEAAE I ZR g {fE I BE B ek £k
(randvector, MATLAB) A 3ZEFNAE LB EAL # it 11
YT THHET , AL R A AL
SREF R . B 2005 4F 1 H 1 H ~2006 4 12 H
31 HHREANE B RAESE. BMC-EL 3 T30 E 6 &
TR ZH 5 SR, ol IR ST v R FH 395 TR R P01 Tl A
RIS K 2007 4R R R WA LE N
DAL, A B A A 00 S 56 e B sz 5 v
A5 TR Ty 32 (A A BH e s RS i (L AN 51 8 s

20

5 10 15 20 25

K BHBESR IERE/(MJ - m™)

(b)2007 4= 4
30 30
YN
20?"\ A VMW \
NUAR /L
10 V‘b Y ¥
0
10 20 30
(¢)20074E7 H (d)2007 4F 11 H
Real data = = ANN **r*rot Kmeans—RBF EL
SVM Multikernel-SVM— - —- BMC-EL

B8 K FaAE%E M TR 4 b xr il 48

Fig.8 The comparison of solar irradiance prediction curve

Pl 8 v, Xof e SIE g e 4 AT 3k 1) 00 i £k
LS A AHGI 14 A8 AR 34 SR A2 BN I ik
K P Rl e B2 7 2 0 SR IR AR s B K 1Y)
1%2%. SVM F1 Multikernel -SVM 8.3 76 K FH B §5 1E
JEE TR A3 S T S A BB e BMC-
EL S AR BT 3008 Sk A i 22 , Ll - D - s 7
LA SR, LTI [ 2 T i B i 4R

R T B JR TR % S B R TR 15 2, X R S
55 v oA B i i YRR Y00 S iR 2 AN 11 9
7, Hid BMC-EL J7ik T i 22 fh 28 3 shidse /. 4%
FEHU J7 2 AE 2007 4 7 H 30 H K PH A8 fE 18 B
AU FsF BB A P9 0 22 , S5 K14 S0 4l 253 20 M -
m2, SR BMC-EL oAb 9 fl 22 8 /T 10 MI*m™ FH
T DU SR AR 21 A5 2 DS [ (4SS 750 23 [i) v 3ok 5 e
I BRI 20 5 5 0, i BMC-EL 521 75— S0l 1
I REAS T ARSRARIE T R0 A TIOIORS B . DL i Hirdss
RIS AR P 1 T 7 3k Yy T Sk



%21 A% ST DL AT 2 (B BL BTN 179
10 20 35
YN A\ i t 30
~ Ve Ped W - ok i, . 5
2 0 47! i *'-g(,;'.k\;‘ii “j (V] S \'r\tj‘&ff‘é] S ‘.g
E 10 | % =
= - =20 o
iﬂg 10 20 30 5 10 15 20 25 gzo» .
K = %
= (2)2007 4F 1 H (b)2007 4F- 4 H @ * 20 ;
= LE 151 * y
2 2 20 & o ki S, . T
EIE A "‘ I\ A i, \En;g 101 % .“% & g‘ f e 3 }ieNag‘data
2 "\_j‘ b ~ [.é 4 4 3&\. 4/\ Q A 1 s s » T ¥ * kmeanrRBF
I 0sAnd T\ A9V Y AV o ‘r} e A\ K 5 ,’,2/3/, * EL
2 . R ¥ Ny P B Far * BMC-EL
X Y ] SVM
BT Multikernel-SVM
: 0 ‘ ' ‘ : ‘
a 0 20 w20 10 20 30 0 5 101520 25 30
BbhE G S em=2
(¢)2007 47 J1 (4)2007 4 11 A A PHREAR BB LA/ (MJ )
— — ANN ........ Kmeans—RBF EL E 10 j‘\FEﬁE %Rﬁﬁ?ﬁ/ﬂ'ﬁﬁﬁﬁi,‘;\@
SVM Multikernel-SVM — =— - BMC-EL Fig.10 Scatter plot of solar irradiance prediction

B O K IAALHS BE TN iy % 2 A pb £

Fig.9 The comparison of solar irradiance prediction error

FEARBR R y = o B ELER R T 46 A
IV S R R 2 A M ) . e TS R AR R
= x BT 2810 B e ) 5% 25 K O 5 2R T Ty v
FEI A ) T A R S 2 o B A AR R
WL A 10 s,

&l 10 1 BMC—EL i 7 325 %5 W 0 1S SR
W I HLE NG T y=x HZK. 7€ BMC-EL [%) T30

FEAH, TERFHREBON F W AL AT (1,78
) WU AR, TG B2 o ey 5 O FH RE et 11 RE [
ZIRAH, W, 2w A LEEO S TR
AR, & I I IE A TR AN FREAE R REAS AR
K 25 , T BMC—EL 783X JERE A 55 1 Tl
i 26 Fre /1N , B i 3 DUHSUTRERY 20 5 SR AT AR AR
TIN5 R R R SR,

A RPN J7 1A AEA R H 3 19 7k
REFEPR AN 2 7.

R 2 BETMTTEAEREIEIRT L

Tab.2 Performance index of the different methods

BMC-EL EL ANN Kmeans-RBF Multikernel-SVM SVM
MSE 6.79E+12 7.53E+12 1.95E+13 1.78E+13 2.95E+13 3.27E+13
MAE 1.862 8 1.900 2 3.244 8 3.014 84 3.629 57 3.882 53
RS 53.87% 51.42% 36.10% 40.08% 44.30% 40.18%
AER 0.208 5 0.210 0.317 96 0.296 6 0.346 8 0.373 8

ZER K BH BB I8 R W SE g 45 5, JE T DLy
ALY 2 5 14 I ML AR AR T 7 2 7 A FH Rl s HE 2 13
A 78 B AR W a0 PR e, nT SRR, XA
[] (4 R AR AS T 114 K FH B 4 B R AR e 52 BUORS Aff ]
ERY TR
6 B %

AR — B I DL A 21 A 1 B ATL AR
MR TR BHBERE FREE N, 15651 A K—means

R M 758 LI IR BRI e A i 2 4
e AR AE HASAH R A I 274, LIS in BEAIL 2R M
ANFEAR Y Z R, Hok 201214 5 AT I125
LN S B R AR BENLARAR. Z )5, K Z 4kl
PLARARTE B0 UEHE 1 A i 1 45 SR AL DL I S0 455 0 441
BT AR BRI RE 14 J5 5650 A7 i B
HLARARBLI (4 20 & w105 45 A BEA L AR M T3
A 1 B TOUI Ay s 2 A TR 4 B SR i O PH RE 8 R
FE TN 7E KB 828, BMC-EL Jy ikt
Hm DL AR 2 A Oy vk B D T SR B AL AR



130 PN === QSRR 1Y)

2019 4F

AREEIE BN E 1, 300 T A BH BETITI i1 1) ] 5
V. 2 20 i IR L TOUI S B0 25 SR B 1 i 48 ) A S0
5V TR v, AT SRR, T LUK 0 T S
ARG I R 8K BH B AR R

(1] HSREE, W, A5 2. JET EMD-LMD-LSSVM LA 12 155
R PR AN L) ). K BHAE412,2018,39(2):504—512.
TIAN C X,HUANG M,ZHU Q B. Hourly solar irradiance forecast
based on EMD —-LMD -LSSVM joint model [J]. Acta Energiae
Solaris Sinica,2018,39(2):504—512.(In Chinese)

[2] Bl AT —5, BEKH. JE TRESR AT R g ARk D)%

AT [) . 1R I 2 (A SRR, 2017, 44(10):91—
98.
LU Z Y,REN Y M,GE L K. Photovoltaic power regression model
based on spline estimation and quantile regression [J]. Journal of
Hunan University (Natural Sciences ),2017,44 (10):91—98.(In
Chinese )

[3] YANG X,JIANG F,LIU H. Short-term solar radiation prediction
based on SVM with similar data[ C ]/ Renewable Power Generation
Conference. IET,2014:1.11—1.11.

[4] GUO W,MINGJIA L I,TAO L 1,et al. Parameter identification of
Hammerstein ARMAX model based on APSO-WLSSVM algorithm
[J]. China Science Paper,2018,13(2):136—142.

[5] ALAM S,KANG M,PYUN ] Y, et al. Performance of classification
based on PCA,linear SVM,and multi —~kernel SVM [ C ]//Eighth
International Conference on Ubiquitous and Future Networks.
IEEE,2016:987—989.

[6] ZHOU Y,CUI X,HU Q,et al. Improved multi —~kernel SVM for
multi —modal and imbalanced dialogue act classification [ C ]/
International Joint Conference on Neural Networks. IEEE,2015:
1—8.

[7] RABBI K M,NANDI I,SALEH A S,et al. Prediction of solar
irradiation in Bangladesh using artificial neural network (ANN)
and data mapping using GIS technology[ C ]//2016 4th International

Conference on the Development in the in Renewable Energy

Technology(ICDRET). IEEE,2016:1—6.

[8] ANAMIKA,KUMAR N,AKELLA A K. Prediction and efficiency
evaluation of solar energy resources by using mixed ANN and DEA
approaches [ C ]/ Pes General Meeting | Conference & Exposition.
IEEE,2014:1—5.

[9] YADAV A K,MALIK H,CHANDEL S S. ANN based prediction of
daily global solar radiation for photovoltaics applications| C J//India
Conference. IEEE,2016:1—S5.

[10] CHEN L G,CHIANG H D,DONG N,et al. Group —based chaos
genetic algorithm and non-linear ensemble of neural networks for
short —term load forecasting [J]. let Generation Transmission &
Distribution, 2016, 10(6):1440—1447.

[11] BAILI H,LI Y F. Online reliability prediction of energy systems
with wind generation [ C J/International Midwest Symposium on
Circuits and Systems. IEEE,2016:1—4.

[12] KROGH A,VEDELSBY J. Neural network ensembles,cross
validation and active learning [ C J/International Conference on
Neural Information Processing Systems. MIT Press, 1994:231—
238.

[13] ALOISE D,DESHPANDE A,HANSEN P,et al. NP -hardness of

Euclidean sum —of —squares clustering [J]. Machine Learning,

2009,75(2):245—248.

X7, b, SR 5 FET A S A R I T A AL

REPUI L)1 MRl (AR, 2018,45(1):136—

141.

LIU F,XIA H S, Al J,et al. Prediction of asphalt thermal oxidative

[14

—

aging performance based on oxidation dynamic model [J]. Journal
of Hunan University (Natural Sciences),2018,45(1): 136—141.
(In Chinese )

[15] MONTEIH K,CARROLL J L,SEPPI K,et al. Turning Bayesian
model averaging into Bayesian model combination [cly
International Joint Conference on Neural Networks. IEEE,2011:
2657—2663.

[16] AMS 2013 2014 Solar energy prediction contest, forecast daily
solar energy with an ensemble of weather models [ EB/OL . https:/
www.kaggle.com/c/ams—2014-solar—energy—prediction—contest.

[17] CLARKE B. Comparing Bayes model averaging and stacking when
model approximation error cannot be ignored [J]. Journal of

Machine Learning Research,2003,4(4 ):683—712.



