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An Ensemble Learning Model Based on Bayesian
Model Combination for Solar Energy Prediction

Na Dong, Jianfang Chang, Wai Hung Ip and Kai Leung Yung

Abstract—Due to the widespread promotion of renewable energy,
solar energy has become a hot issue. However, as an important part
of solar power system, photovoltaic grid-connected system and
solar thermal system, solar irradiance has the inherent
characteristics of variability and uncertainty. Hence, resource
planners must be adaptable to accommodate these uncertainties
while conducting planning, which is of great significance for the
design and management of solar power systems. To improve the
reliability of solar irradiance prediction methods, an ensemble
learning method based on the Bayesian model combination has
been developed in this paper for solar utilization systems. Firstly,
clustering and cross-validation are introduced in the data sampling
process to ensure that the training subsets are differentiated and
uniformly sampled. Secondly, an ensemble learning model with
multiple base learners has been designed, each training subset is
utilized to train the corresponding base learner. Then, a Bayesian
model combination is applied to frame the combination strategy
based on the accuracy of each base learner on the validation set.
The prediction values of multiple learners are framed through the
model combination strategy. Finally, experiments are carried out
using an open data set and the method is compared with Artificial
Neural Network (ANN), K-means ANN, Support Vector Machine
(SVM), and Multi-Kernel SVM. The effectiveness as well as the
reliability of the proposed method in solar energy prediction have
been found to perform better and have verified our approach.

Index Terms—Solar system, Power system, Bayesian model
combination, Ensemble learning, Solar energy prediction system

I. INTRODUCTION

As a kind of clean, substantial and renewable energy, solar
energy does not produce pollutants [1-2], which are vital
features that other kinds of energies do not possess. Therefore,
solar energy has become the main energy source for research
and development.

Two issues that need to be addressed in the design and
utilization of renewable energy (solar energy) system are the
stability of individual energy producers and the creation of
viable grid-connected systems which can reasonably manage
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and schedule individual energy producers. A particularly
relevant aspect is the creation of a system that brings together
many unstable individual producers to form a more stable
energy network system [3-4]. Due to factors such as solar
elevation angle, temperature, humidity, location, altitude and
other climatic factors, the energy generated by individual
producers is mostly unstable [5], and thus, applications of solar
energy are often restricted. Despite the rapid development of
smart grid systems, the stability of individual generator is
critical to energy conservation and rational utilization, as well
as the grid security [6]. Therefore, solar irradiance prediction is
of vital importance to the stable operation of the entire grid
system and the formulation of energy dispatching plans.

Short-term predictions of solar energy are extremely critical
[2]. Support Vector Machine (SVM) [7-10] and Artificial
Neural Network (ANN) [11-13] are mainly been applied to the
prediction of solar power, which are prone to train the
prediction model through accuracy [14]. However, the
reliability of prediction results is more significant in
applications [15]. Ensemble Learning [16] provides
inspirations for improving the reliability of prediction results.
Ensemble learning combines multiple base learners together to
achieve better generalized performance and reliability than a
single learner.

In this paper, a Bayesian model combination based ensemble
learning (BMC-EL) prediction method has been proposed for
solar energy prediction to improve the reliability of prediction
methods. Firstly, clustering [17] and cross-validation [18] has
been introduced in the data sampling process to generate
multiple training subsets so as to ensure that the training subsets
are differentiated and uniformly sampled. Secondly, an
ensemble learning model with multiple base leaners is
established, each training subset is utilized to train the
corresponding base learner. Here Random Forest is applied as
base learner for ensemble learning. Then, a Bayesian model
combination [19] is applied to frame the combination strategy
based on the accuracy of each base learner on the validation set.
The prediction values of multiple learners are framed through
the model combination strategy.

To verify the accuracy and reliability of the proposed method
in solar energy prediction, the American Meteorological
Society 2013-2014 Solar Energy Prediction Contest dataset
[20] is introduced for experiments. Multikernel-SVM,
K-means-RBF, as well as classical SVM and ANN are
introduced to establish comparison tests. The experimental
results verify the accuracy and reliability of the proposed
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method in solar energy prediction.

II. DATA SAMPLING

The ensemble learning model will have better performance
when the diversity between base learners are more significant
[19]. Therefore, the differences of training subsets should be
increased to improve the diversity of the base learners.

In order to alleviate the above problems, K means clustering
and K fold cross validation have been applied at the same time
to increase the diversity of training subsets, as shown in the
Fig.1, which also ensures uniform sampling. (In order to
distinguish the subscripts of K means clustering, K fold cross
validation is replaced by M fold cross validation.)

Training
set

K-means
clustering

Ck

M-fold cross
validation

M-fold cross M-fold cross
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Fig.1. Schematic diagram of data sampling

Assuming that the training set is designed to be sampled as
training subsets {DI,DZ,...DM} . The training set is firstly
divided into clusters {CI,CZ,...,Ck} through K means
clustering, where each cluster contains samples with similar
(adjacent) weather conditions. After M fold cross validation,
clusters C; can be randomly separated into packages
{bll,b;,...,b}w} . Import {b;,b;,...,bjw} into training subset D; and
import {bf,b;,...,b}w} into training subset D, similarly,
different M-1 packets are imported into the corresponding
training subsets until {bll,b;,...,b,lwfl}is imported into training
subset Dyy.

Since each cluster {C],CZ,...,CA} contains samples with
similar weather conditions. When each cluster is divided into
different training subsets by M fold cross validation, each
training subset can cover samples with different weather
conditions, which alleviates the non-uniform sampling that
traditional random sampling process may cause. Data sampling

also increase the diversity of base learners.

III. BASE LEARNER

Ensemble learning can reduce the prediction risk through the
combination of multiple base learners. To meet the stringent
requirements of applications, ensemble learning is utilized to
improve the reliability of solar energy prediction. The pruning
operation of Classification and Regression Tree (CART) in

Random Forest can effectively alleviate the risk of over-fitting.
Random Forest is simple, efficient and easy to implement,
equipped with the characteristic of small computational cost
and excellent generalization ability. So Random Forest has
been defined as the basic learner of ensemble learning. The
individual Random Forest is composed of multiple CART, and
the divided training subsets are prepared for training individual
Random Forests.

Supposing that the
D ={(x,):(%,.9,)s--2(x,.,)} - The node of the CART sets

a segmentation point s for an attribute variable j of the sample

training set is

Xi, samples with input variable greater than s are divided into
one part R, ( j,s) = {xl. ‘x,.(j S S}, otherwise divided into other
part R, ( j,s) =1{x, ‘xl.(j )< s}. The partitioned parts are further
divided by other different attribute variables, and the samples
are divided into m parts according to the node segmentation
<oy Ry The
corresponding output for each part is defined as cy, ¢, ...
respectively. The CART could be described as formula (1):

points, which are respectively denoted as R;, R,

> Cm

f(x)=2¢,I(xeR,) (1)
m=1
Where I(xeR,)= {(1) ((x Zi’")) . The square error of CART
x m

is as follows:

5= X (s ) - X (n-Seatver)] @

X;€R, X;€R, m=1
When ¢, is equal to the average of samples output which

belong to the R,, the square error is optimal. So

c, = ave(y,. |xi IS Rm)

From the equation (2), the optimal output ¢, of part R,, can
minimize the square error. Traversing all the attribute variables
j and the possible segmentation point s in the sample, the

R, (j,s) whose excellent square error is the smallest are

defined as part R,. Similarly, the partitioned parts are further
divided and the optimal segmentation variables and

segmentation points (R, (/,s)) could be obtained. The final

CART model is f(x)= ZEmI(x €R,).
m=l1
The average of multiple CART outputs is defined as the
output of an individual Random Forest.

IV. THE COMBINATION STRATEGY

Ensemble learning can alleviate the poor generalization
ability caused by the base learner error, which relies on
ingenious model combination strategy. The Bayesian model
combination defines the posterior probability of the model's
prediction performance on the validation set as the weight of
the model, assigns multiple Random Forest models with
reasonable weights, and selects one best model combination
strategy from a plurality of combination strategies. Here



Bayesian model combination has been utilized to generate
Random Forest combination strategy.

In the Bayesian model averaging, assuming there are n
samples in dataset D, and each sample d; consists of attribute
vector x; and real value y;. Hypothetical space H contains a
finite number of individual hypotheses and / represents an
individual hypothesis of hypothetical space. Under the
preconditions of hypothetical space H and dataset D, the
posterior distribution of y; is as follows:

p(yi|xi,D,H)=Zp(y,-|x,-,h)p(h|D) (3)

heH
Where, p(y,|x,,D,H) is a weighted average of posterior
distributions  p(y,|x,,2) under all individual hypothesis,
P (y,. |x;., h) = Ip (y,. |6, D)p (Hk |, D)d&k is the posterior
distribution of y; under the individual hypothesis 4, and 6, is
the parameter vector corresponding to the individual hypothesis

h.
The posterior probability p(h| D) of individual hypothesis

h under the condition of dataset D can be calculated by equation

p(h|D)=M . Here Zp(D|h)p(h) is a
oo
constant, $0 p(h|D) < p(D|h) p(h)

p(D|n)=[ p(D|6,,h) p(6,|1)d6, is the integral likelihood
estimate of the individual hypothesis 7, p(é’k |h) is the prior
distribution of the vector parameter 6, corresponding to
individual hypothesis 4, and p(Dl@k,h) is the likelihood
estimation. p(/) is the priori probability of individual
hypothesis 4.

In order to ensure that all base learners have higher

predictive performance, there is no difference in base learner

parameter initialization, so prior knowledge probability p(h)

does not need to be "biased" on any individual hypothesis, so

p(h)=% (k is the number of individual hypotheses in the

hypothetical space).

In the Bayesian model averaging, the calculation of the
integral likelihood estimate sets a very high weight on the
hypotheses that makes accuracy slightly increased [21], the
Bayesian model averaging is easier to over fitting than stacking
[22].

In order to alleviate the above condition, the Bayesian model
averaging can be modified into the Bayesian model
combination (BMC) method. Equation (3) is modified to
equation (4):

p(n]x.D,H,E) = p(y]x.H.e)p(e|D) (4)
heE

Where e is the individual hypothesis model in the combined

model space E. Bayesian model averaging and Bayesian model
combination are shown in Fig.2 and Fig.3 below respectively:

e e e
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Fig. 2. Bayesian model averaging
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Fig. 3. Bayesian model combination

V. ENSEMBLE LEARNING BASED ON BAYESIAN MODEL
COMBINATION

The flow chart of the ensemble learning prediction method
based on Bayesian model combination is as follows:

Training
set

K-means
clustering

M-fold cross M-fold cross
validation validation

Trainning

N AN

-—
T
\ N

Prediction output

Fig. 4. Ensemble Learning Based on Bayesian Model
Combination



Implementation steps of ensemble learning prediction
method based on Bayesian model combination are as follows:
1. The original data are normalized by the formula

x —min () , and cluster {C,C,,..C} is

= max (x)—min (x)

generated by K-means clustering, M-fold cross validation is
performed on each cluster, and training subsets {D,, D, ,...D, }
are sequentially generated.

2. Training subsets are used to train base learners (Random

Forest) of ensemble learning.
3. Import validation sets into random forests and output

predicted values ( VisVases Vs ) Assuming that the real output

of the verification set is y, a matrix (¥,,,¥;,...;) is

constructed and imported into a Bayesian model combination.
Bayesian model combinations can make the optimal model
combination strategies

Pl DH.E)= 3 p(y]x. H.e)p(e[D).
heE

4. Import test sets into random forests and output predicted
values (7,757 ) -
integrated learning algorithm is
p(Y[700.H. )= 3 p(0, . H.)p(elp).

heE

The final prediction output of the

VI. SIMULATION STUDY

To test the performance of the proposed method in solar
irradiance  prediction  applications, the = American
Meteorological Society 2013-2014 Solar Energy Prediction
Contest dataset [17] is introduced to establish prediction
experiments.

A. Performance Indicators

The average error rate (4ER) and the rate of success (RS) are
introduced here, as described in formula5-7:

|Ypre‘ - }]rea/ |

Er= Y— (5)

pre

Num

2 Er(i)
AER =2 (6)
Num

num(Er < 0.1)

RSO0 ="

(7

Where Y. is the prediction output, Y.« is the real data, E, is
the error rate for each sample, and AER is average error rate.
Num is the total number of samples in the test set, and num is
the number of samples whose error rate is less than 0.1. The
AER reflects the average value of prediction error. RS reflects
the reliability of the prediction method.

B. Diversity of Training Subset

Normalize the raw meteorological data to [-1,1], and then
perform a 10 means clustering operation on the training set to

divide the training set into 10 clusters {C,,C,,...,C,,} . The

dswrf sfc, dswrf sfc, and tmp_sfc of the samples are applied to
establish a three-dimensional coordinate, the samples in the
training set are distributed in the coordinate as shown in Fig.5.

A
Fig.5. Distribution of training set
The divided clusters are respectively subjected to 10 fold
cross-validation, and 9 different packages are respectively
introduced into each training subset. The distribution of
samples under different weather conditions in the training
subset is shown in Fig. 6.

subsetl subse3

-1 -1
Fig.6. Distribution of training subsets
(4 typical training subsets are given to illustrate the
distribution)

Since clustering is followed by 10 fold cross-validation, the
size of each training subset is 90% of the training set.
According to distribution of samples in training subsets, the
sampling process does not affect the sample distribution of
different weather conditions. On the other hand, the
cross-validation operation of the clusters also increases the
diversity of training subsets (as samples of the marked area),
and correspondingly increases the sample perturbation of the
base learners.

C. Model Error Estimation and Performance Testing

Random forests estimate model errors by out of bag (OOB).
Due to the attribute disturbance, the Random Forest will
converge to a lower generalization error only when there is a
certain amount of individual CART. Importing training set, the
relationship between OOB error and the number of CART is
shown in Fig. 7.

As can be seen from Fig. 7, when the number of CART
reaches 200, the OOB error of Random Forests tends to
decrease slowly. In order to make the random forest has a lower
error and save the computational cost, the number of CART is
set to 200.
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Fig. 7. Error estimation of random forest
The solar irradiance of the HOBA Mesoscale station and the
meteorological data of the surrounding GEFS stations from
1994 to 2007 (5113 samples) are introduced to test proposed
method. In chronological order, the first 4000 samples are used
as the training set, the next 500 samples are defined as the
verification set, and the samples 4501-4550 are defined as the

test set. The experimental results are as shown in Fig.8§.
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Fig. 8 Prediction performance of proposed method
Fig 8.(a) depicts the real values and prediction values of 50
samples, while Fig 8.(b) illustrates the MAE of 50 samples

,(m=1) . Fig

I &g ;
predictions, of which MAE =—Z|J’;ﬁe ~ Yy
m i

8.(c) shows the distribution of prediction error rate (E7).

In Fig 8.(a), the long blue line indicates the average of solar
irradiance under fine weather conditions. The samples near the
blue line have better prediction performance, indicating that the
proposed method has capability for solar irradiance prediction
under fine weather conditions.

The samples in the blue dotted box of Fig.8.(a) show slightly
larger errors. These samples are far away from the blue line,
indicating that these samples have low solar irradiance and
complex meteorological conditions which causes big
interference. Although the sample in the third dotted box is
closer to the blue line, the first two samples of this sample
appear to fluctuate greatly, indicating that fluctuating

meteorological conditions have a significant impact on the
prediction of solar energy. Continuously fine weather
conditions are of great benefit for accurate prediction, such as
the samples framed by the red box, where their MAEs are kept
within 1MJ xm™.

The sample in the yellow dotted ellipse of Fig.8.(a) has very
low solar irradiance, suggesting bad weather conditions.
However, the proposed solar prediction method still guarantees
stable prediction performance. Although its prediction error is
less than 2MJ xm?, the evaluation of this sample is not
dominant when calculating the error rate due to its low solar
irradiance (as the sample in the dotted ellipse of Fig.8.(c)).

It can be drawn from the distribution graph that the error
rate(Er) of more than 70% samples are less than or equal to
+2.5%, and the error rate of other samples is less than or equal
to £7.5% except for extreme weather conditions.

D. Establishment of Experiments

The comparison experiment settings are shown in Tab.1. EL
utilizes the average of multiple base learners as the final output,
and other settings are consistent with BMC-EL.

Tab.1 Parameter settings of solar energy prediction comparison

experiment
Method Parameter settings
N15-24-24-1 trainParam.epochs = 1
ANN[11]

trainParam.goal = 0.00001 a=0.1

density coefficient y =0 overlap coefficient & = 1
cluster radiusa=1 N, ,, ,,, trainParam.epochs =1
trainParam.goal = 0.00001 a= 0.1

K-means_ANN [13]

cost=1 gama=1 model = epsilon-SVR

SVMI7] epsilon=10.01 kernel = RBF

cost=1 gama=1 model = epsilon-SVR

epsilon=10.01
MultiKernel SVM

o k(%)= 0.05* [ y+c] +0.15% [(ax y+c)' ]

[

+0.5% E'EHX')’HJ +0.2% e, 25%

E. Experimental Results and Observations

The solar irradiance of the HOBA Mesoscale station and the
meteorological data of the surrounding GEFS stations are
defined as dataset. The samples from January 1, 1994 to
December 31, 2004 are defined as training set. The samples
from January 1, 2005 to December 31, 2006 are defined as a
validation set. The samples of 2007 are utilized as test set for
solar energy prediction experiments.

In order to analyze the prediction performance of different
methods under different meteorological conditions, four
representative months (February, May, August, and November)
are selected to demonstrate the prediction output as well as
prediction error, as shown in Fig.9-Fig.12.
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Fig.9. Prediction performance of different methods in February

As shown in Fig.9.(a), the solar irradiance of the samples in
the red box is low, indicating complex meteorological
conditions which may causes interference to solar irradiance
prediction. Different prediction methods can basically track the
trend of solar irradiance on these harsh samples, and the
prediction curves of SVM and MultiKernel-SVM show large
spikes (errors). Although SVM and MultiKernel-SVM have
better prediction accuracy on two samples in the red dotted
ellipse in Fig 9. (a), other tow spikes occur on the blue
ellipse-framed samples. The prediction curves of SVM and
MultiKernel-SVM show large spikes respectively, although we
have maximally alleviated over-fitting and under-fitting. The
solar irradiance of the sample in red dotted box of Fig.9.(a)
returns to normal after a sharp decay, where the prediction
outputs of different methods show a large deviation. The error
directions of the different prediction methods are consistent in
the red dotted box of Fig.9.(b), and the peak amplitude of the
BMC-EL method is the smallest. The output curve of the

BMC-EL on the harsh samples are closest to the real curve.
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Fig.10. Prediction performance of different methods in May

As shown in Fig.10.(a), solar irradiance fluctuated sharply in
May, which caused obstacles to solar prediction. Although
numerous trials have been carried out to make the experiment
results fitting, SVM and MultiKernel-SVM  deviate
significantly from the real value, as shown in the red ellipse. In
the blue box-framed samples, the output curves of EL and
BMC-EL are closer to the real curve, which shows that
ensemble learning is more advantageous on harsh samples and
BMC-EL has better performance. With the error curve shown
in Fig.10.(b), the error curve boundary of the BMC-EL in the

third graph is also leaner.
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Fig.11. Prediction performance of different methods in August

Solar irradiance is abundant in August. As shown in Fig.11,
continuously fine weather conditions are of great benefit for
accurate prediction, such as samples in the blue box of Fig.11,
which is consistent with the analysis of Part E. Consistent with
the previous, such as samples in red dotted box of Fig.11.(b),
BMC-EL maintains stable prediction performance in samples
with large fluctuations.
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As shown in Fig.12, since Bayesian model combination
chooses the best model combination strategy from hypothetical
space, BMC-EL can guarantee the stable prediction precision in
some harsh prediction samples, and thus, BMC greatly
improves the reliability of the prediction.

A cartesian coordinate is established, the abscissa indicates
the measured value of solar irradiance (real value), and the
vertical axis indicates the prediction value. The line y=x,
defined as the baseline, indicating that the predicted value is
equal to the real value. The prediction results of the remaining
eight months are plotted in the cartesian coordinate, as shown in
Fig. 13, the closer the point is to the baseline, the more accurate
the prediction result is. The red dotted line divides the scatter
plot into three parts, which respectively indicate that solar
irradiance is scarce, fairish and rich.
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Fig.13 Scatter plot of solar irradiance prediction for the
remaining eight months

In the solar irradiance prediction simulation experiment, the
samples corresponding to different prediction methods fall near
the baseline. We have done abundant tries to adjust the
experimental parameters as much as possible and tried several
times to ensure the optimal performance of the different
prediction methods.

In the solar-rich part, meteorological conditions receive less
interference, so samples of different prediction methods are
centralized around the baseline. In the solar-scarce area, the
meteorological environment is complex and the interference is
large, and the samples of different prediction methods have

large deviations. However, the scatter plot distribution of EL
and BMC-EL methods is the most harmonious. Since Bayesian
model combination chooses the best model combination
strategy from hypothetical space, the scatter plot of the
BMC-EL method is the most centralized.

The performance indicators of different prediction methods
throughout the year are shown in Tab. 2, of which the proposed
BMC-EL has the best performance.

Tab. 2 The performance indicators of different prediction

methods

MSE MAEWM.J m?) RS AER
BMC-EL 6.79E+12 1.8628 53.87%  0.2085
EL 7.53E+12 1.9002 51.42% 0.21
ANN 1.95E+13 3.2448 36.10%  0.31796
Kmeans-RBF 1.78E+13 3.01484 40.08%  0.2966
Multikernel-SVM | 2.95E+13 3.62957 4430%  0.3468
SVM 3.27E+13 3.88253 40.18%  0.3738

In summary, the random forest prediction method based on
Bayesian model combination has good prediction performance
and reliability in solar irradiance prediction, which can achieve
accurate and stable prediction under different weather
conditions.

VII. CONCLUSION

With the development of smart grids, the interconnections of
renewable energy have become a hot issue in power system.
Solar energy is rich but volatility, which makes stable solar
prediction essential for interconnections and dispatch of power
system.

An ensemble learning method based on Bayesian model
combination is proposed for solar irradiance prediction, which
aims to improve the reliability of solar power application.
Firstly, the data sampling process not only ensures uniform
sampling, but also improves the diversity of the training subset,
which is able to improve the diversity of the base learner.
Secondly, multiple training subsets are utilized to train the
individual Random Forests in the ensemble learning. So far, the
diversity of ensemble learning comes from the diversity of
training subsets. After that, the Bayesian model combination is
used to construct a combination for base learners. It formulates
a combination strategy based on the performance of each base
learning on the verification set by choosing the best model
combination strategy from hypothetical space, and thus
effectively improve the performance of the model. In solar
energy prediction experiments, BMC-EL significantly reduces
the uncertainty of a single learner by adding Bayesian model
combination and increases the reliability of result. The
experimental results show that the proposed prediction method
has better prediction accuracy and reliability, which can be
utilized to estimate dynamic fluctuating solar power. Therefore,
the proposed method provides a basis for accurate estimation of
solar power, which can promote further development of the
whole power system.
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