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Abstract. Utility companies rely on solar radiation forecasting models
to control the supply and demand of energy as well as the operability
of the grid. They use these predictive models to schedule power plan
operations, negotiate prices in the electricity market and improve the
performance of solar technologies in general. This paper proposes a novel
method for global horizontal irradiance forecasting. The method is based
on an ensemble approach, in which individual competing models are
arbitrated by a metalearning layer. The goal of arbitrating individual
forecasters is to dynamically combine them according to their aptitude
in the input data. We validate our proposed model for solar radiation
forecasting using data collected by a real-world provider. The results from
empirical experiments show that the proposed method is competitive
with other methods, including current state-of-the-art methods used for
time series forecasting tasks.
Keywords: Solar radiation forecasting
methods · Metalearning · Time series
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Introduction

The sun is a fundamental source of energy to our planet. Over the years many
technologies have been developed to take advantage of the solar energy. We
use this energy to produce electricity, heating water and buildings, lighting and
destroying toxic waste.
In this paper we present a novel method for solar radiation forecasting. Specifically, we focus on daily predictions of Global Horizontal Irradiance (GHI). Utility companies use solar radiation forecasting systems to support decision making
process in several ways. They use them to predict if the energy produced by a
given solar technology can meet the daily electricity demand, to balance electricity market prices and schedule power plant operations. Engineers leverage
solar radiation forecasting systems to improve the performance and economics
of solar radiation technologies, for example photovoltaic devices. Moreover, solar
radiation forecasts enable a dynamic conﬁguration of air-conditioning systems
within buildings to optimise their eﬃciency. In sum, a data-driven solar radiation forecasting system can provide a way to maximise the performance of solar
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technologies while reducing operating costs. This paper presents an novel time
series model for GHI forecasting. The proposed method leverages the predictive
power of ensemble methods, combining individual learning models with diﬀerent inductive bias using a metalearning strategy. We explore ways of combining
the predictions of forecasters in a dynamic – online – fashion. In time evolving
environments the process causing the underlying data is prone to change over
time and the combined model should adapt accordingly.
We use metalearning (e.g. [4]) to analyse the expertise of each individual
forecaster across the time series of solar radiation. We can then use this meta
knowledge to dynamically weight the predictions of base learners according to
their competence in a given observation. If we expect a given forecaster to perform poorly in some subset of the data we render it a low weight in the combination rule. On the other hand, if we are optimistic about some learner in our
ensemble we augment its weight with respect to the other learners.
The intuition behind our approach is that diﬀerent learning models may have
diﬀerent areas of expertise across the input space. That is, in a given test observation, some individual learner may be better than the combined model and
diﬀerent individual learners will be better on diﬀerent cases. In eﬀect, we can
learn about the learning process of each base-learner. In fact, we hypothesise
that the underlying process causing the series of solar radiation follows a recurring pattern due to seasonal factors [7]. Consequently, we hypothesise that the
metalearning layer enables the combined model to better detect changes between
diﬀerent regimes and quickly adapt itself to the environment.
Our metalearning strategy follows an Arbitrating scheme [13,22], in which
we build a meta-learner for each base-learner comprising the ensemble. Each
meta-learner is speciﬁcally designed to assess how apt its base counterpart is to
make a prediction in a given observation. This is accomplished by analysing how
the error incurred by a given learning model relates to the characteristics of the
data. At test time, the base-learners are weighted according to their degree of
competence in the input observation, estimated by the predictions of the metalearners.
Our goal is to predict the next value of the series of solar radiation. We use
regression models as our base-learners by transforming the solar radiation time
series into an Euclidean space using time delay embedding [29]. Furthermore, in
order to augment the information about the data we also use external predictors
such as weather reports. In summary, the contributions of this paper are the
following:
– An arbitrated ensemble for GHI forecasting. The ensemble includes a metalearning layer based on an arbitrating scheme, used to dynamically combine
individual models;
– We use the Arbitrating strategy to dynamically weight individual models,
whereas typical applications select the most reliable model at each test query.
We start by outlining the related work in Sect. 2. The methodology is
addressed in Sect. 3, where we formalise and explain our contributions. The
Case Study is brieﬂy described in Sect. 4, along with the pre-processing steps
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and descriptive statistics. The experiments and respective results are presented
and discussed in Sect. 5. Finally, the conclusions are produced in Sect. 6, along
with some remarks about future work and reproducibility of the proposed
methods.

2

Related Work

In this paper we focus on ensembles with self-adapting mechanisms to predict
solar radiation, which is a time series with a numerical outcome. Ensemble methods for numerical predictions problems have a vast literature. We refer to the
survey written in [19] for a complete overview on ensemble approaches for these
tasks.
Building adaptable models is important in dynamic real-world environments
in which data is constantly changing over time due to several factors, for example, seasonality. Our proposed method is motivated by the core concepts behind
Arbitrating classiﬁers [13,22]. Arbitrating is an ensemble method used to combine classiﬁers according to their expertise on the input data. The expertise of
a base-learner is learnt with a corresponding meta-model, which learns the loss
of its base counterpart according to a set of meta-features. At test time, the
classiﬁer with greatest conﬁdence in the input data-point is selected to make a
prediction. The authors reason that each meta-model holds information about
which part of the data its base counterpart works best and considers when it
can make a reliable prediction.
Other forms for dynamically combining models for time series forecasting
with numerical outcome were proposed in the literature. In [26], the authors
use Zoomed Ranking [28] approach to rank and select time series forecasting
models. MetaStream is proposed in [25]. The authors summarise the dynamics
of the recent and upcoming observations in a data stream to either select or
combine regression models. In [15,32] presented other two approaches that use
the characteristics of time series in a meta-level to improve the combination of
individual forecasters. They use these characteristics to induce several rules to
weight or select between diﬀerent models.
Our approach is diﬀerent from the existing literature in the sense that we
apply an arbitrating scheme to meta-learn and weight the individual baselearners. To the best of our knowledge, this is the ﬁrst application of an Arbitrating scheme for time series prediction with numerical outcome, particularly
solar radiation forecasting.
2.1

Solar Radiation Forecasting

Several solar radiation forecasting models have been proposed in the literature.
The most typical approaches rely on regression and time series analysis models
(e.g. [3,8,23]). The connectionist approach of Artiﬁcial Neural Networks is also
of common use, for example in [11,18] or [27]. In our paper we focus on daily
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forecasts, but the temporal granularity typically ranges from hourly to weekly
forecasts.
Many approaches also incorporate external features in their methodology,
such as [16] or [1]. These typically include weather information.

3

Global Horizontal Irradiance Forecasting

A given solar technological device collects solar radiation in two ways: direct
radiation and diﬀuse radiation. In this paper we aim at predicting the Global
Horizontal Irradiance (GHI), which can be derived by summing direct radiation
with diﬀuse radiation and accounting for the sun’s position.
GHI forecasting is a particular instance of time series forecasting tasks. We
start addressing the methodology by presenting the main notation employed
throughout this section:
Time Series: A time series is a temporal sequence of values Y = {y1 , y2 ,
. . . , yn }, where yi is the value of Y at time i and n is the length of Y ;
Embedded Time Series: Y K denotes the embedded time series with embedding dimension K. We use time delay embedding to represent Y in an Euclidean space with embedding dimension K, according to [29]. In eﬀect, we generate the following matrix:
⎤
⎡
y1
y2
. . . yK−1 yK
⎢
..
..
..
..
.. ⎥
⎢
.
.
.
.
. ⎥
⎥
⎢
K
⎢
(1)
Y = ⎢ yi−K+1 yi−K+2 . . . yi−1 yi ⎥
⎥
⎢
..
..
..
..
.. ⎥
⎣
.
.
.
.
. ⎦
yn−K+1 yn−K+2 . . . yn−1 yn
Each row denotes an embedding vector vr , ∀ r ∈ {1, . . . , n − K + 1}. Our goal
is to predict the next point in the series, represented by the last column in
Matrix 1;
External Predictors: Y ext denotes the set of external predictors computed
for each embedding vector v ∈ V . These include external information (e.g.
weather data) which helps to model the target concept;
Base-Learners: We denote as M the set of m base-learners comprising the
ensemble S;
j
Meta-Learners: M is a meta-learner for M j , with j ∈ {1, . . . , m};
Base-Learners Loss: eji represents the absolute loss of M j in the observation yi ;
Base-Learners weights: wij denotes the weights assigned to M j for predicting
the value of yi .
Our methodology for GHI forecasting settles on the three main steps: An
oﬄine (i) training step of M and the online iterative steps: (ii) Meta-learning of
M and (iii) prediction of yt+1 using M which is dynamically weighted according
to M .
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Learning M

In the ﬁrst step we train the learning models M which are then combined to
make a prediction. Concretely, each M j , ∀ j ∈ {1, . . . , m} is individually trained
using the available YtrK , the embedded time series combined with the external
predictors Y ext . M is composed of individual regression models with diﬀerent
inductive bias. Diﬀerent models (e.g. Gaussian Processes and Neural Networks)
hold diﬀerent assumptions regarding the underlying data. This divergence across
base-learners comprising S encourages diversity in the ensemble – a fundamental
ingredient in the ensemble recipe [5].
3.2

Metalearning M

The metalearning step of our methodology is an online process run at test time.
Our objective in applying this metalearning strategy is to extract the information
about the expertise of each individual model in M across the series of water
consumption.
We use a metalearning layer for arbitrating among competing individual
learners. However, instead of selecting the most reliable model (as in [13,22]), we
use the meta-knowledge to weight the base learners according to their expertise
in the input signal.
j
Formally, each meta-learner M , ∀ j ∈ {1, . . . , m}, is trained to build a model
j
for e = f (X), where f denotes the regression function. X represent the metafeatures, i.e., the set of features used in the meta-level by the meta-learners
in M . X is composed by the primitive features used by M along with some
summary statistics. These statistics are computed for each embedding vector
and characterise the recent dynamics of the series as well as its structure.
We conduct this meta regression analysis to understand how the loss of a
given base-learner relates to the diﬀerent dynamics of the series. In eﬀect, we
can explore forms of capitalising from these relationships. Speciﬁcally, we use
the information from e to dynamically weight the base-learners M .
3.3

Predicting yt+1

When a new observation yt+1 arrives for prediction we combine the predictions
of M with the meta information from M . The arbitrating layer composed by
M is able to predict how well each base learner in M will perform with respect
j
to each other. If M predicts that its counterpart M j will make a large error
(êjt+1 ) relative to the other base learners (êlt+1 , ∀ l ∈ {1, . . . , m}\{j}) then M j
will be assigned a small relative weight in the ﬁnal prediction. Conversely, if êjt+1
is predicted to be small (also with respect to the loss of other base learners),
M j will be important for the upcoming prediction. Even though the learning
models comprising M are trained in a batch way, the models in M are updated
after every test observation. Moreover, the predictions by M are produced for
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each test observation, rendering an online nature to our method. Formally, we
measure the weights of each base-learner using the following equation:
j
wt+1
=

erf c(êjt+1 )

i∈M

erf c(êjt+1 )

(2)

j

where êjt+1 is the prediction made by M for the absolute loss that M j will incur
in yt+1 . The function erf c denotes the complementary Gaussian error function
which is formalised as follows:
4
erf c(x) = √
π

∞
x

2

e−t dt

(3)

The ﬁnal prediction is a weighted average of the predictions made by the
j
j
with respect to wt+1
computed according to Eq. 4:
base-learners ŷt+1
m

ŷt+1 =

j
j
ŷt+1
× wt+1

(4)

j=1

The proposed methodology is summarised in Algorithm 1.

4

Case Study

Our study was conducted using data collected by the Oak Ridge National Laboratory [17], in Tennessee, USA. The solar radiation data includes global horizontal radiation, direct radiation and diﬀuse horizontal radiation. These were
harvested using a rotating shadow-band radiometer, a low-cost equipment for
measuring solar radiation.
The data is collected in an hourly basis. Our sample ranged from 19-012009 to 19-01-2017, totalling 70151 observations. Additionally, other external
variables were collected: the average air temperature, relative humidity, average wind speed and precipitation levels. These follow the same granularity and
temporal scope as the solar radiation data.
4.1

Pre-processing

We focused our work on daily forecasts so we aggregated the data by day, reaching a total of 2922 observations across the above-mentioned time-span. The units
of the solar radiation levels are in watts per square meter (W/m2 ).
Direct radiation and diﬀuse radiation levels are used as predictor variables
in our model. Concretely, we use the information of these attributes from the
previous day as well as the mean of the last K days. To augment the information of solar radiation levels we also include the mean and standard deviation
of the embedding vectors described in Matrix 1 as predictors. Moreover, from
the hourly average air temperature we design two features: max and mean air
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Algorithm 1: Arbitrated Ensemble for Solar Radiation Forecasting
Input:
– Global Horizontal Irradiance time series Y ;
– External predictors Y ext ;
– embedding dimension K.
/* Learning Step
Embed Y and attach Y ext → YtrK
foreach M j ∈ M do
train M j using YtrK
end
—————————————————————————————–
/* Metalearning Step
for all available test observations Yts do
Embed Yts and attach Y ext → YtsK
X ← Extract Metafeatures from YtsK

*/

*/

j

foreach M ∈ M do
j
train M to model: ej = f (X)
end
end
—————————————————————————————–
/* Predicting new observations
*/
foreach upcoming observation yt+1 do
ext
Embed yt+1 along with the K − 1 most recent observations and attach yt+1
j
j
Compute predictions êt+1 from models M ∈ M
j
Compute weights wt+1
j
Compute predictions ŷt+1
from models M j ∈ M

j
j
Compute final prediction ŷt+1 = m
j=1 ŷt+1 · wt+1
Add yt+1 to Yts and return to metalearning step
end

temperature of a given day. From the precipitation levels we create a logical
variable that describes if it did or did not rain in a given day.
In Figs. 1 and 2 we present a view to the solar radiation dynamics. Figure 1
shows the mean and respective deviation of solar radiation levels per day of the
year. As expected, solar radiation is higher in the warmer seasons of the year.
Nonetheless, it also presents a complex structure with several peaks across the
days. Figure 2 illustrates the solar radiation per mean temperature, grouped by
days that had and had not any rainfall. It also contains LOESS curves that indicate a positive correlation between temperature and solar radiation. Moreover,
days without rainfall have considerably higher solar radiation than rainy ones.
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Fig. 1. Mean and standard deviation of solar radiation per day of the year (in W/m2 )
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Fig. 2. Solar radiation by mean temperature, grouped by days that had rainfall and
days that had not any rainfall

5

Empirical Experiments

In this section we present the empirical experiments carried out to validate the
proposed method for solar radiation forecasting. These address the following
research questions:
Q1: Is it beneﬁcial to weight individual forecasters according to an Arbitrating
scheme for solar radiation forecasting tasks?;
Q2: How does the performance of the proposed method relates to the performance of the state-of-the-art methods for solar radiation forecasting tasks?
The experiments were carried out using performance Estimation [30] R package. The methods used in the experiments were evaluated using the Root Mean
Squared Error (RMSE) and the Mean Absolute Error (MAE) using a Monte
Carlo procedure with 10 repetitions. For each repetition, a random point is
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picked from the time series. The previous window comprising 40% of t is used
for training and the following window of 20% of t is used for testing.
The metafeatures used by M are the primitive ones, described previously
in the Sect. 4.1, together with the following characteristics computed at each
embedding vector: (i) kurtosis, which is a measure of ﬂatness of the data distribution with respect to a Gaussian distribution; (ii) skewness, which measures
the symmetry of the distribution; (iii) series trend, calculated according to the
ratio between the standard deviation of the series and the standard deviation of
the diﬀerenced series; (iv) serial correlation, estimated using a Box-Pierce test
statistic; and (v) long-range dependence, using a Hurst exponent estimation
with a wavelet transform. These statistics summarise the overall structure of
the time series of water consumption. For a comprehensive description of each
statistic see [32].
We estimate the optimal embedding dimension (K) using the method of
False Nearest Neighbours [12]. This method analyses the behaviour of the nearest
neighbours as we increase K. According to the authors from [12], with a low suboptimal K many of the nearest neighbours will be false. Then, as we increase K
and approach an optimal embedding dimension those false neighbours disappear.
K is set to 6 in our experiments.
The base-learners M comprising the ensemble are the following: MARS [20],
Generalized Linear Models [6], Random Forest [34], SVM [10], Rule-based regression [14], Generalized Boosted Regression [24], Gaussian Processes [10] and Feed
Forward Neural Networks [31]. Each of the individual learners is composed of 6
diﬀerent parameter settings adding up to 48 learning models. We use a Random
Forest as a meta-learner model.
We compare the proposed method to the following four baselines:
ARIMA: The state-of-the-art ARIMA model, using the function auto.arima
from the forecast R package [9]. This function automatically tunes ARIMA
to an optimal parameter setting;
ARIMAX: Similar to the one above, but augmented with the external features
outlined in the case study section;
NN: A feed forward neural network with a single hidden layer. The neural
network was optimized using a grid search procedure using a total of 56
parameter combinations. The ﬁnal parameter setting was 7 hidden units and
a weight decay of 0.2;
BT: Bagged Trees from [21]. This bagging approach is speciﬁcally designed for
time series forecasting tasks;
S: This is a variant of the proposed method, but stripped of the metalearning layer. That is, M is trained in advance and their predictions are simply
averaged at run-time using the arithmetic mean;
Blending: We use a metalearning technique called Blending to combine the
individual learning models. Blending was introduced in [2] in their winning solution for the well known Netﬂix prize. In practice, it is a variant
of Stacking [33] in which out-of-bag predictions are produced with a holdout
strategy.
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The results from the Monte Carlo experiments are reported in Table 1.
Besides the baselines described above, AE denotes the proposed method for
GHI forecasting tasks.
Relative to S, our approach is able to overcome its performance, with similar
deviance across Monte Carlo repetitions, both in terms of RMSE and MAE.
Overall we conclude that indeed our metalearning approach is beneﬁcial for
solar radiation forecasting tasks (Q1).
The performance of the proposed method are slightly better than the ARIMAX approach, which shows the competitiveness of our method. Other state-ofthe-art baselines such as NN and ARIMA (without external features) perform
clearly worse than our method. In eﬀect, we also conclude that our hypothesis
Q2 is valid. Our method was also able to overcome the Blending approach to
model combination, which is a widely used technique.
In summary, our experiments validate our hypothesis that our proposed
method is able to model the diﬀerent dynamics of solar radiation with a competitive performance relative to state-of-the-art methods.
Table 1. Average results from the methods using RMSE and MAE
Method

RMSE

ARIMA

1407.561 ± 88.06 1129.49 ± 76.32

ARIMAX 728.43 ± 35.46

6

MAE
579.18 ± 29.03

BT

1068.96 ± 52.90

NN

1232.26 ± 610.20 1000.47 ± 533.57

856.57 ± 44.85

Blending

731.49 ± 40.67

566.80 ± 32.93

S

808.82 ± 46.99

649.36 ± 39.12

AE

721.31 ± 41.47 566.22 ± 35.49

Conclusions

In this paper we presented a new method for GHI forecasting tasks. We argued
that the planning of operations related to solar radiation is an important topic
with economical and social impact. Our proposed method settles on a metalearning scheme called Arbitrating, introduced before by [13,22]. We extend
their ideas to GHI forecasting tasks.
We leverage the Arbitrating strategy to dynamically weight individual models
in an ensemble. We reasoned that the series of water consumption follows a
recurring pattern with diﬀerent regimes. In eﬀect, our approach allows a fast
detection and adaptation to the diﬀerent regimes causing the data.
Results from numerical experiments suggest that our metalearning is worthwhile. Moreover, we empirically demonstrate that the proposed method is competitive with other state-of-the-art techniques for GHI forecasting tasks, such as
Neural Networks and the classical time series model ARIMA.
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Future work includes: (i) generalise the proposed methodology for other
time series forecasting tasks; (ii) Compare the proposed method against a
time-dependent combining heuristic (e.g. recent performance of individual
learners).
In the interest of reproducible research our methods are publicly available as
an R package called tsensembler1 .
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