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Abstract

Roof-top mounted solar photovoltaic (PV) systems are becoming an increasingly popular means of incorporating clean energy into the
consumption profile of residential users. Electric utilities often allow the inter-connection of such systems to the grid, compensating system
owners for electricity production. As the systems grow in number and their contribution to the overall load profile becomes increasingly significant,
it becomes imperative for utilities to accurately account for them while planning and forecasting generation. Additionally, this information is
useful for system-owners who want to optimize their production schedule. We use various machine learning and statistical techniques to train
models on solar irradiance data and different meteorological parameters to forecast solar irradiance, and therefore power, for different forecasting
horizons in the short-term future. We begin with a series of naïve models – linear regression, locally-weighted linear regression and support-vector
regression (SVR) – where we only use meteorological information in the present to make future predictions, and then progress to time-series
modeling. We find that both linear and locally-weighted linear regression perform rather poorly in the naïve case; we consider only SVR (both
the regular and least-squares variation) along with conventional statistical models such as the seasonal auto-regression integrated moving-average
(ARIMA) model in the time-series implementation. Our best results, with an RMSE of 40.16 W/m2, are obtained from using least-squares SVR
(LS-SVR) with an RBF kernel, trained on solar irradiance data and meteorological features in the 7 hours prior to the present time t, and from
24 and 48 hours prior to the forecasting time t+ tf , where tf is the forecasting horizon. This model performs better than existing models in
literature which use the same dataset.

I. INTRODUCTION

Renewable energy accounted for 23% of all electricity generation
worldwide as of 2013, with solar PV representing only about 0.85%
of the global electricity demand [1]. However, in terms of the
proportion of newly installed capacity, solar PV ranked the highest
in the world overall among all forms of electricity generation in
2013. In the US, for example, the installed solar PV capacity
is forecasted to be 6.6 GW in 2014, more than three times the
size it was three years ago [2]. Thus, with a rapid decrease in
manufacturing and production costs, solar PV is expected to make
a significant contribution to meeting the world’s energy demands,
and the need for systems-level planning and design is increasingly
becoming more critical.

Inter-connection is the process by which PV systems are linked to
the electricity grid, and system owners are effectively compensated
by utilities for sending power back into the grid. Utilities have
complex planning and scheduling procedures in place for electricity
generation and pricing from their forecasted estimates of load
curves; however, they do not take into account the contribution
of distributed generation sources such as roof-top solar PV. This
makes accurate forecasts for these systems particularly important,
as electricity generation at the utility-scale involves planning at least
a few days in advance. Since electricity exhibits variable pricing
and utilities typically allow only a capped amount of power to
be sent back into the grid, these forecasts would be helpful to
a system owner that wanted to maximize their compensation as
well. A simplified economic interpretation is that the availability
of more information on both the supply and demand sides leads
to a reduction in incomplete information, and therefore increased
economic efficiency. The importance of accurate forecasting is clear,
and this serves as our primary motivation in choosing this problem.

There is a significant amount of literature on short-term power
forecasting using various statistical and machine learning methods.
Sharma et al. [3] argue that the generation profile of PV systems
is heavily dependent on local, site-specific conditions. The use of
analytical models to describe the system becomes difficult because
the factors that determine solar irradiance, and consequently electric
power, vary greatly from one location to another. For instance,

incorporating the effect of the idiosyncracies of a particular PV
system, such as shading and local weather conditions becomes
much harder in an analytical model. This is our motivation for
using machine-learning – an automated approach, if implemented
correctly, accounts for these local conditions and makes predictions
with better accuracy.

Diagne et al. [4] succintly review the various classes of methods
that have been employed for irradiance forecasting. The most basic
model is the persistence forecast, which is a naive predictor that
assumes that the best predictor of solar irradiance at time t + 1,
Xt+1, is the irradiance at time t, Xt. This is the baseline comparison
used in the work of Perez et al. [5]. Sharma et. al report results
using simple linear regression and SVM models [3], and our work
first attempts to primarily build on this. Other interesting ML/AI
approaches include the use of neural networks, as in the work of
Lauret et al.[6], who use a multi-layer peceptron structure model.
More detailed neural network models include the work of Kemmoku
et al. [7], Mihalakakou et al. [8], Sfetsos and Coonick [9], Fatih et
al. [10] among others, incorporating aspects such as multi-stage to
time-delay neural network models. Some approaches attempt to use
cloud-cover and satellite imagery data as well, such as the work of
Chow et al. [11], which attempts to predict intra-hour, sub-kilometer
forecasting of cloud cover using ground-based sky images. Hybrid
approaches which attempt to utilize the best aspects of different
machine learning approaches have been developed as well [12]. We
adopt some of the insights from prior work into our own modeling
approach, which is described in the next section.

II. MODELING THE PROBLEM

A. Data Set

The dataset used in this work is historical weather data from
Amherst, MA, and is maintained by the University of Mas-
sachusetts, Amherst – Computer Science Weather Station. This data
is from the same source used by Sharma et al., except that we use
more a recent dataset.

The data contains solar irradiance values and meteorological
observations obtained from a period of January to July 2013 at five
minute intervals. We have averaged over this dataset to obtain hourly
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data- the resulting dataset contains 5070 rows. The data collected
has different parameters, such as timestamp, temperature, wind chill,
heat index, humidity, dew point, wind speed, maximum wind speed,
wind direction, rain, barometer pressure, extra-terrestrial irradiance
and UV irradiance. From this, we have eliminated features that have
large amounts of missing data or seemed impractical to use, such
as UV irradiance, extraterrestrial irradiance and wind direction.

B. Models Used

In this work, we train a variety of models on our data and
determine which features and models enable us to predict solar
irradiance better. Our models are divided into two broad categories:
naive methods and time-series modeling methods. The key differ-
ence between the two classes of methods was the incorporation of
historical solar irradiance values as features or parameters in the
time-series methods, while these values were absent in the naive
methods. In this work, the naive methods are discussed further in
Section 3, and the time-series methods in Section 4.

Figure 1. Different models and techniques used

C. Nature of Training and Test Sets

Our training set, unless specified, contains 3600 observations
from the dataset (5 months worth of data). Our test sets contain
720 observations (one month worth of data). These training and
test sets were selected from a random permutation of the dataset.
All error values i.e. root mean squared error (RMSE) and mean
absolute error (MAE), have been reported on these random training
and test sets. For all of our models, in addition to the training and
test sets, we also evaluated their performance on a test set of 30
consecutive days (720 hours). This was interesting as it was a good
respresentation of an actual use case for this problem and it allowed
us to compare the performance of the naive and time series models
that we used. It also allowed us to see how closely the model tracked
hourly solar values across a fixed period of time.

III. NAIVE METHODS

Before using any of our models, we experimented with different
dimensionality reduction techniques, such as manually removing
dataset features that had minimal correlation with solar irradiance,
and using Principal Component Analysis [13] to reduce the di-
mensionality of the feature set. We found that PCA improved the
performance of our models significantly. Prior to applying PCA,
we preprocessed the feature set so that it had zero mean and unit
variance. This result is discussed in more detail in Section III C.

Figure 2. Linear Regression prediction on a test set of 30 consecutive days

A. Linear Least Squares Regression

Linear least-squares regression is among the simplest algorithms
that exist to verify the relationship between a dependent variable
and a set of independent variables. Given a training feature set X
and a corresponding solar irradiance vector y, the trained model θ
is obtained from the equation:

θ = (XTX)−1XTY (1)

Linear regression performed poorly on the randomly generated
sets we used for testing. We found that the model’s performance
improved by pre-processing the dataset, but it still had a large error
in its predictions with a training and test set RMSE of 194.08 W/m2

and 192.79 W/m2 respectively. On the test set of 30 consecutive
days too, we found that linear regression did not perform too well
as can be seen in Figure 2.

B. Locally weighted Linear Regression

Non-parameterized algorithms are an interesting class of algo-
rithms to use on our prediction problem, given that we have a
sufficiently large training set. Locally weighted linear regression
is a non-parameterized algorithm that is a more specialized form of
linear regression, in which the linear coefficients of the model at
a particular point are affected to a greater extent by neighboring
training examples, and to a far less extent by distant training
examples. We used a fairly standard equation to compute the
weights of a sample, given by

wi = exp(−(xi − x)T (xi − x)/2τ2) (2)

and computed the training model using the normal equation

θ = (XTWX)−1XTWY (3)

For this model, we had to vary the bandwidth parameter τ , and
we found empirically that a value of 20 gave us good performance.
Interestingly, for a randomly permuted training and test set, using
locally weighted linear regression did not improve the model’s
performance significantly. With a training and test set RMSE of
193.63 W/m2 and 192.34 W/m2 , we felt that this model was not
much better than the linear regression model, especially when its
intensive computational nature is taken into account. On the test set
of 30 consecutive days too, the locally weighted regression model
was very similar in performance to the linear regression model.
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Figure 3. Performance of the SVR Model with varying number of principal
components

C. Support Vector Regression

Support Vector Regression (SVR) constructs a hyperplane (or a
set of hyperplanes) to perform regression on high-dimensional data.
The objective of the SVR model is

minimize
1

2
‖w‖2 + C

∑
(ξi − ξ∗i ) (4)

subject to

yi − 〈w, xi〉 − b ≤ ε+ ξi

〈w, xi〉+ b− yi ≤ ε+ ξ∗i

ξi, ξ
∗
i ≥ 0

The SVR tool we used for this purpose comes from the LibSVM
library. The library contains a variety of tools for both classification
and regression purposes, and the particular tool we selected for
SVR was the epsilon-SVR tool. This tool makes use of two free
parameters: C, which represents the penalty parameter of the error
term (default = 1); and ε (default = 0.1), which represents the value
for which no penalty is imposed to the training loss function as long
as the predicted values are within a distance ε of the actual value
of the training examples.

We used three different kernels to test this model - the linear,
polynomial and Radial Basis Function (RBF) kernels. We found
that the RBF Kernel performed the best, with a train and test RMSE
of 130.47 W/m2 and 140.24 W/m2. These results were obtained
using the original dataset with basic pre-processing. We believe
the good performance of the RBF Kernel can be attributed to the
way it maps the input dataset to a higher dimensional space, thus
capturing non-linear relationships between the feature set and the
solar irradiance values. Also, to achieve the performance that we
mentioned, we used the value C = 2000 and the default setting for
ε from LibSVM, as we found that the model gave us fairly poor
performance with the default value for the parameter of C.

We found PCA to be very effective in improving the perfomance
of the SVR model. On varying the number of principal components,
we found the model performed best with 8 principal components,
with a training and test RMSE of 118.31 W/m2 and 132.53 W/m2.
The performance of the model with different numbers of principal
components can be seen in Figure 2.

We found that the SVR model we described performed reasonably
well on the test set of 30 consecutive days, with an RMSE of 82.66
W/m2.

Figure 4. SVR predictions over a test set of 30 consecutive days

IV. TIME-SERIES MODELING

From the implementation of our previous models and the variation
of solar irradiance across consecutive hours, we observed that the
data series has a fairly salient time-series aspect. That is, the solar
irradiance peaks at a particular time in the day, and hence has a fairly
seasonal trend. Thus, it makes sense to model solar irradiance as not
just a causal relationship with the meteorological feature set, but also
as a time-series. We experimented with different models, namely
the seasonal auto-regression integrated moving-average (ARIMA)
model and the least-squares Support Vector Regression (LS-SVR)
to model the time-series aspect of this dataset.

A. ARIMA

ARIMA models are the most general class of models for time-
series forecasting [14]. They are composed of autoregressive terms,
non-seasonal differences and lagged forecast errors. Basic ARIMA
models are non-seasonal and work best with stationary time series.
The model is generally referred to as an ARIMA(p, d, q) model
where parameters p, d, and q are non-negative integers that refer
to the order of the autoregressive, integrated, and moving average
parts of the model respectively. An alternative to the non-seasonal
ARIMA model is to use the seasonal ARIMA model, which is
denoted as ARIMA(p, d, q) (P,D,Q). A seasonal ARIMA model
could consist of seasonal autoregressive (AR) and moving average
(MA) terms, and this model can be represented as

(1− L)ξ(1− Lf )ζ lnYt

[
θt(L)Θt(L)

φt(L)Φt(L)

]
εt (5)

where φ(L) is the auto-regressive operator

φ(L) = 1− φ1L− φ2L
2 − ...− φpLp (6)

and Φ(L) is the seasonal auto-regressive operator. θ(L) is the
moving average operator, given as

θ(L) = 1 + θ1L+ θ2L
2 + ...+ θpL

p (7)

and θ(L) is the seasonal auto-regressive operator. In addition to
these, ξ denotes differencing, ζ denotes seasonal differencing and f
denotes the cyclical frequency of the model. Previous studies have
used an ARIMA(1, 0, 0)(1, 1, 0) model to build a simple forecasting
model [15]. To use this technique for solar irradiance data, we used
the same model specifications with f = 24, to predict hourly data
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Figure 5. ARIMA predictions over a test set of 30 consecutive days

that was seasonal at the 24 hour horizon. We found that this model
was excellent at capturing seasonal trends of peaks in the data,
i.e. the model was able to predict the occurrence of peaks in solar
irradiance in a day very well. However, it was unable to capture day-
specific intensity values, as it had no information regarding any of
the meteorological factors that are correlated to the magnitude of
irradiance peaks a day. Thus the ARIMA model performed poorly
as compared to the basic SVR model in terms of error, with an
RMSE of 188.32 W/m2. Subsequently, as an extension to the
ARIMA model, we also experimented with providing the model
with causal inputs, i.e. the meteorological feature dataset. However,
this performed poorly too, as we found that providing causal inputs
did not damp the original model’s seasonal prediction enough to
significantly improve performance.

B. Least Squares Support Vector Regression

Least Squares SVR is a support vector model that is similar
in nature to Vapnik’s formulation of SVR (from Section III C).
One key difference between the Least Squares SVR model and the
conventional SVR is that the LS-SVR solves a system of linear
equations as opposed to the optimization problem described in
Section III C. The least-squares SVR is formulated to minimize
the following cost function [16]

minimize J(w, b, ε) =
1

2
‖w‖2 +

γ

2

∑
ε2i (8)

subject to

yi − 〈w, xi〉 − b = εi

where xi can be replaced by a kernel function ϕ(xi) as in the case
of the regular SVR, to map the feature set to higher dimensional
space. w and b take the same meaning as before, i.e. they are
the weights and the bias of the prediction model respectively. The
Lagrangian for this problem can then be expressed as

L(w, b, ε;α) = J(w, b, ε)−
∑

αk {yi − 〈w, xi〉 − b− εi} (9)

LS-SVR has a few advantages over conventional SVR in terms
of the speed of solving and lower computational intensity, while
retaining the advantages of SVRs with respect to solving small
sample size data and nonlinear problems [17].

Figure 6. Time Series LS-SVR predictions on a test set of 30 consecutive
days

1) Time-Series LS-SVR: We first implemented an LS-SVR model
attempting to capture the time-series nature of the dataset and also
compared its performance to a time-series implementation using a
regular SVR model. As expected, we found that the LS-SVR gave
us better accuracy in predictions. We used the RBF kernel, as it
gave us the best performance (as described in Section III C). Our
feature set in this case consisted of irradiance values obtained at
different points in time between 3 and 48 hours before our targeted
prediction time (also referred to as the target hour). A typical feature
set consisted of a few hours of data earlier on the same day as
that of the target hour, as well as data from the same hour on the
previous day, or the previous two days. We found that by using
irradiance values from 24 and 48 hours previous to the target hour,
along with 7 hours of irradiance from the same day we obtained
a model with accurate predictions. The error on the test set of this
model was an RMSE of 99.54 W/m2. This result indicated that
the LS-SVR model was better suited to our application than any
other model we had experimented with thus far. We hypothesize
that, this is because LS-SVR works to minimize the error obtained
by including the squared error term in the cost function, as opposed
to the regular SVR which tolerates errors below a threshold ε.

2) LS-SVR Hybrid Model: The increased accuracy of the LS-
SVR model on time-series predictions encouraged us to further
enhance our model by implementing a hybrid prediction using a
feature set that included past irradiance values, as well as the
meteorological feature set. Our hypothesis was that the LS-SVR
model would be able to better capture the relationship between
solar irradiance and the causal inputs, as well as its nature as a
time-series, as compared to the ARIMA model with causal inputs.
We found that this model did remarkably well and gave extremely
accurate predictions as compared to the other models, with a test
set RMSE of 40.16 W/m2. This suggests that LS-SVR with the
RBF kernel is among the best-suited models for this regression
problem, because it is capable of taking both time-series data and
meteorological features into account, without unduly weighting one
of these aspects more than the other, thereby providing a result that
is far more accurate than other models. As can be seen from Figure
6, this model does a very good job of predicting solar irradiance.

C. ARIMA and LS-SVR Hybrid Model

Finally, we experimented with multiple hybrid techniques using
ARIMA (to capture the seasonal nature of the data) and LS-SVR (to
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Figure 7. Hybrid LS-SVR predictions on a test set of 30 consecutive days

capture the causal nature). One technique was to model the errors of
the LS-SVR prediction as a time-series using ARIMA, and another
was to use both model independently to predict solar irradiance;
then, subsequently regress over both of these predictions to obtain
a prediction that is essentially an average of the two independent
predictions. In both of these cases, the hybrid models did not lead to
an improved performance, when compared to our previous models.
However, we believe that with further investigation, we can develop
such a hybrid model incorporating both ARIMA and LS-SVR, to
help predict irradiance values to a very high degree of accuracy.

V. SUMMARY

We have implemented a variety of models which model solar
irradiance using only meteorological data, such as linear regression,
locally weighted regression, and SVR, as well as models that
capture the time-series nature of the data, such as ARIMA and
LS-SVR. We found that the LS-SVR model performed the best;
however, while these time-series models were effectively able to
capture the time dependence of our target variable, they were unable
to model the causal relationship between meteorological data and
solar irradiance. To overcome this, we tried different hybrid models
using LS-SVR and ARIMA, which did not give us optimal results.
Instead, we found that by incorporating meteorological data into the
feature set for the LS-SVR model, we obtained far more accurate
predictions. We feel that this is because, unlike other hybrid models,
the seasonal component and the weather data are more appropriately
weighted by the LS-SVR model, both in terms of the features
chosen by us (e.g., the extent of historical information provided)
and the inherent nature of the model itself . Table 1 summarizes the
performance of the models we have used in this work.

VI. FUTURE WORK

We believe that this work can be improved by using a better
constructed hybrid model, as we found that our models often predict
a non-zero solar irradiance value during periods of the day when
there is relatively low (or zero) sunlight. By using additional features
such as cloud cover data, and models that capture seasonality well,
such as the ARIMA model, the accuracy of our predictions can be
further improved. Another issue that we faced with models that used
the ARIMA framework was the requirement that we use sequential
data points in our training as well as test sets, which leads to
non-optimal results. In our future work, we would like to explore
methods through which we could compensate for this as well.

Table I
ERRORS IN THE PREDICTIONS OF VARIOUS MODELS

Model Samples RMSE (W/m2) MAE (W/m2)
Train Test Train Test Train Test

Linear Reg 3600 720 194.09 192.80 145.53 141.35
LWLR 3600 720 193.63 192.33 145.11 140.94

SVR (w/o PCA) 3600 720 130.47 140.25 74.76 85.73
SVR (8 PC’s) 3600 720 118.31 132.53 65.75 79.56

ARIMA 3600 720 - 188.32 - 98.54
ARIMA+LS-SVR 3600 720 33.39 199.46 18.90 130.65
SVR (Time Series) 3552 720 4.29 239.29 0.23 181.76

LS-SVR (Time Series) 3552 720 96.92 99.54 53.45 53.26
Hybrid LS-SVR 3552 720 37.18 40.16 20.98 22.34
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