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Probabilistic Model for Spatio-Temporal
Photovoltaic Power Forecasting

Xwégnon Ghislain Agoua, Robin Girard and George Kariniotakis, Senior Member, IEEE

Abstract—Photovoltaic (PV) power generation is characterized
by significant variability. Accurate PV forecasts are a prerequisite
to securely and economically operating electricity networks,
especially in the case of large-scale penetration. In this paper,
we propose a probabilistic spatio-temporal model for the PV
power production that exploits production information from
neighboring plants. The model provides the complete future
probability density function of PV production for very short-term
horizons (0-6 hours). The method is based on quantile regression
and a L1 penalization technique for automatic selection of the
input variables. The proposed modeling chain is simple, making
the model fast and scalable to direct on-line application. The
performance of the proposed approach is evaluated using a
real-world test case, with a high number of geographically
distributed PV installations and by comparison with state-of-
the-art probabilistic methods.

Index Terms—Lasso, photovoltaic generation, probabilistic
forecasts, quantile regression, reliability, sharpness, spatio-
temporal

I. INTRODUCTION

RENEWABLE Energy Sources (RES), including photo-
voltaic (PV) production, are being developed in many

countries as a response to the need for clean energy solutions.
PV production is characterized by high variability and uncer-
tainty due to its inherent dependence on changing meteoro-
logical conditions. Variability and uncertainty are a challenge
for network operators especially in systems with large-scale
RES integration. Short-term forecasting of PV production is
a prerequisite for the economic and secure management of
power systems, reduction of reserve costs [1] and market
participation of PV producers. It is also important to ensure
the competitiveness of renewable energy technologies [2].

The literature features several methods to forecast PV pro-
duction. Detailed reviews of the state-of-the-art are provided in
[3]–[5]. They can be classified according to the forecast hori-
zon, the available data, and the type of approach, which may
be based on statistics, physics or a hybrid combination [4],
[6]. Although early methods were deterministic, probabilistic
approaches are increasingly popular since they provide addi-
tional information about the distribution of future production
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and uncertainty in the forecasts. Some of these probabilistic
approaches are based on Numerical Weather Prediction (NWP)
models or sky imaging and provide ensemble forecasts of the
future PV generation [7]–[9]. Analog ensembles [10], regres-
sion trees [11], [12] and k-nearest neighbors (kNN) [13]–
[15] are also found in the related literature on probabilistic
PV forecasting. A wide range of Artificial Neural Networks
(ANN) based models also exist for short-term PV power
production [16]–[21]. These models have evolved from simple
neural networks, to radial neural networks (more suitable for
time series prediction) and more recently to deep learning
methods [22], [23].

Recently the focus has shifted to improving short-term
predictability of solar irradiance or PV production by con-
sidering off-site information as input to the models. Such
models are commonly referred to as spatio-temporal models.
Models for solar radiation forecasting are based on autore-
gressive models [24]–[26], geostatistical models [27]–[29] or
classification models [30]. Physical models combined with
NWP forecasts [31], [32] and semi-parametric models [33]
can also be used for spatio-temporal forecasting of solar
radiation. ANN-based models are also used for spatio-temporal
solar power forecasting [34]–[36]. For the case of PV power
forecasting, most spatio-temporal models use off-site meteo-
rological measurements and neighboring site information to
improve the forecast for the site of interest. These models
are autoregressive models [37]–[39] or classification models
[30]. The classification model proposed in [40] handles data
acquisition and privacy issues.

The spatial-temporal models listed above provide deter-
ministic forecasts. In contrast to day-ahead forecasting, very
few spatial-temporal models for short-term probabilistic fore-
casting feature in the literature. These models are based on
regression trees [12], the kNN method [13], the combination
of a vectorial autoregressive model and gradient boosting [41],
multivariate predictive distributions, [42] and Gaussian random
fields [43].

One of the biggest challenges in spatio-temporal forecasting
is to propose models that are able to handle the dimensionality
issues raised by the large amount of explanatory variables.
This is a prerequisite for the models so that they can generalize
efficiently when they “see” new data. In this paper, we
propose a short-term probabilistic forecasting methodology
that exploits information available from a large number of PV
installations and includes such a process for the automated
selection of explanatory variables. The aim is to improve
predictability in the time range of 0-6 hours.

In a previous paper [44], we proposed a deterministic
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spatio-temporal model for PV power forecasting. This paper
makes several additional contributions, compared to both the
previous paper and to the related literature on probabilistic
PV forecasting. These contributions are: 1) the use of off-
site data (neighboring production data) to generate proba-
bilistic forecasts with improved properties and performance
compared to the standard approach without off-site data 2)
the introduction of an automated variable selection procedure
for the PV power forecasts inside the model, which avoids the
dimensionality problem 3) the integration of NWP forecasts
as explanatory variables despite the short-term frame; this
allows us to assess the effect of the NWP variables on the
probabilistic forecasts. In probabilistic models in the literature
[35], [41], [45] the variable selection is done either empirically
or with the variable importance criteria for decision trees; 4)
two probabilistic models chosen from the most efficient ones in
the literature are used as references for our model evaluation.

In contrast to methods proposed in the literature for this
time range, our approach is not based on information from
sky cameras or satellite images. It uses available data from
off-site PV plants. The model uses the transfer of spatial and
temporal information within the network of power plants to
capture the meteorological perturbations. Unlike in [46], these
spatial and temporal correlations between power plants are
useful for short-term horizons as they offer good spatial and
temporal resolution.

Moreover, in the proposed model we use NWP forecasts
as additional explanatory input, which is not standard practice
in the literature for models developed especially for this time
scale. NWPs are a standard input for models that address day-
ahead or longer horizons. Such models also cover horizons
shorter than 6h. It is however widely recognized in renewable
generation forecasting that, for the first hours, NWPs do
not obtain performance improvements w.r.t. persistence. To
achieve such improvements, it is necessary to include recent
measurements, such as input. This observation, coupled with
the need for frequent forecast updates (i.e. every 30 minutes)
for applications like intraday trading, have motivated the de-
velopment of purely statistical models based only on measure-
ments. The standard spatiotemporal approach comes into this
category. However, we have observed that including NWPs
in this family of models can provide information on weather
condition trends for horizons around 6 hours ahead. In cases
like wind prediction, this inclusion brings improvements w.r.t.
persistence, amounting to double the improvements without
NWPs for 6 hours ahead [3]. This inclusion of NWPs in the
family of short-term models that operate with very frequent
updates goes against the general tendency in the literature.
However, this approach allows for better coupling between
very short-term spatial-temporal forecasts and standard day-
ahead forecasts since NWPs reduce? the mismatch between
two types of forecast that can be confusing for end-users. The
most relevant NWP forecasts were selected by measuring their
dependence on production data.

The generation of the probabilistic forecast was done using
a quantile regression scheme. Therefore the variable selection
process using L1-penalization that we propose in this paper
is different from the one used in [44] as it is done in a L1-

optimization model (quantile regression). We have also added
the constraints of different parameters for each quantile and
each time step.

This paper puts forward the non-stationary characteristic
of PV power series. The spatio-temporal approach exploits
correlations in the data from geographically dispersed sites.
It is thus necessary to efficiently eliminate the deterministic
effect that is related to the course of the sun. This issue
has been treated by applying an advanced stationarization
process to the production series as proposed in [44]. The
evaluation is carried out on a real world test case of 185 PV
installations in France. This test case is a good illustration of
a system with high penetration of renewable energy and also
allows us to demonstrate the full potential of a spatio-temporal
approach for probabilistic forecasting when considering a
highly dimensional problem.

The paper is structured as follows: the data and an analysis
of the spatio-temporal correlations are presented in section
II. The proposed spatio-temporal probabilistic models are
presented in section III. The evaluation and analysis of the
performances of the forecasts are treated in section IV. Finally,
the conclusions of the study are discussed in section V.

II. THE INTEREST OF SPATIO-TEMPORAL MODELING

The aim of this section is to illustrate the interest and
potential of spatio-temporal modeling in short-term PV power
forecasting. A real-world case study is introduced followed by
an analysis illustrating that useful information can be extracted
from geographically distributed PV installations.

A. Data

The data set considered here, denoted as d, comprises the
output of 905 PV power inverters in a mid-west region of
France with peak power ranging from 3.2 kWc to 58 kWc.
This number of inverters corresponds to 185 different PV
power plants (set of inverters at the same location). The
distance between them varies from 1 km to 230 km. The
data relate to the period from November 2014 to March
2016 with a 15 min temporal resolution. The locations of the
power plants are represented in Figure 1. After data cleaning,
136 power plants were retained. In the following, the power
plants are labeled Pi,1≤i≤136. The production series have been
stationarized employing the same procedure as that proposed
in [44], which is used thereafter.

B. Spatial-Temporal Correlation

The existence of a spatial-temporal pattern is evaluated
by an analysis of the correlation between the stationarized
production series. In these series, the effects of the sun position
on cross-correlations are absent.

Figure 2 presents the histograms of the lagged cross-
correlation values for three classes of distance. For a couple
of stationarized series s1, s2 for example, the value of the
correlation is obtained by evaluating the correlation between
s1 and the lagged series lag(s2, k). The maximum lag used
is the maximum horizon considered for the forecasts, here
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Fig. 1. The power plants of the test case d.
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Fig. 2. Histogram by class of distance of the cross-correlation between the
lagged production series after stationarization.

6 hours. The same evaluation is made by switching s1 and
s2. The value retained is the maximum value. The correlation
values are quite high, concentrated in the interval [0.4 − 0.8]
and, decrease with distance. Therefore, we can assume that
these significant correlation values describe a spatial transfer
of information between the power plants. This transfer, mainly
due to cloud movements, can be used to anticipate mete-
orological perturbations and to improve the forecasts using
production data only.

From a temporal point of view, Figure 3 presents the time
lags for which the cross correlations described above reach
their maximum. The idea behind this analysis is to determine
the temporal limit of the propagation of correlation between
the power plants. The figure shows that in the majority of
cases, the maximum correlation is obtained for 15 minutes,
but for some power plant couples it can be reached for 4
hours or more. The models proposed in the next section aim
to exploit this spatial and temporal information.

III. PROBABILISTIC MODELS FOR SPATIAL-TEMPORAL PV
FORECASTING

We consider here two models chosen from the most efficient
probabilistic forecasting methods in the literature as reference
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Fig. 3. Time lags for which the correlation between each power plant couple
is at a maximum. One point per couple.

models: Kernel Density Estimation (KDE) and the Extreme
Learning Machine (ELM) method proposed in [47]. The KDE
model is a well-known method used to evaluate the future
density of PV power [48], [49]. An information-based criterion
is proposed to select the input variables. These two models
respectively use only “local” on-site information from the PV
installation the power of which is predicted. These models
can thus be used to evaluate the contribution of the proposed
spatial-temporal probabilistic approach. The advanced method
we propose is based on the quantile regression approach,
which we adapted for high dimensionality problems. We
describe below the principle of these methods, the conditions
of their implementation and the modifications proposed to
improve their efficiency.

A. Kernel Density Estimation

KDE is a non-parametric approach for density estimation
[50]–[52]. This method reduces the level of estimation errors
compared to parametric approaches as there is no hypothesis
on the underlying distribution. The minimization problem
consists in providing an estimation of the density f of a
random variable X . The n-dimensional multivariate kernel-
estimator expression is:

f̂(x) =
1

N |H|

N∑
i=1

K
(
H−1(x− xi)

)
(1)

where x is the point where the evaluation is made, xi, i =
1 . . . N the data. H is a n × n matrix called the bandwidth
matrix, which controls the smoothing and |H| its determinant.
K is the kernel function. The kernel function K and the
bandwidth matrix H are the two parameters which have to
be determined to apply the KDE. The impact of the kernel
function on the estimation quality is low and a standard
Gaussian kernel implies a high computation cost [53]. In
this paper, we have chosen to use the Epanechnikov kernel
function:

K(u) =
3

4
√
5
(1− u2/5) u ∈ [−1, 1]. (2)
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The multivariate version of this kernel function is the product
K(u) =

∏n
j=1K(uj). The smoothing matrix H is the most

important parameter as it has a strong influence on the quality
of the estimation [52]. Several approaches are possible for
selecting the appropriate bandwidth matrix [54], [55]. In this
paper, we use the smoothed cross validation technique [56].
Moreover, as the PV production data are positive and bounded,
we adapt the general method to our needs by using boundary
correction as proposed in the literature [52], [53].

Let Y ∈ Rp be the random variable, the realizations of
which are the production of a power plant and X ∈ Rp the
explanatory variables. The objective is to compute the prob-
ability density function of the conditioned random variable
Yt+k|Xt where t is the time the prediction is made and k the
horizon. This density function is obtained by:

fYt+k|Xt =
fYt+k,Xt
fXt

(3)

The forecast probability density function is :

f̂Yt+k|Xt =
1

|H|

N∑
i=1

w(x, xi)K(H−1(y − yi)) (4)

where

w(x, xi) =
K
(
H−1(x− xi)

)∑N
j=1K (H−1(x− xj))

. (5)

The mutual information criterion [57] has been used for
choosing the inputs of the KDE model. It is a measure of
”distance” (Kullbac-Leiber) between two probability density
functions. Here this criterion is used to evaluate the distance
between the probability density functions of the PV production
and those of the meteorological variables. This evaluation is
carried out for each meteorological variable. The values of
the information criterion are used to classify the meteorolog-
ical variables according to their proximity to the probability
density of the production, following which the most relevant
inputs are selected for the KDE model. Let X be the random
variable representing a meteorological variable and Y that
of the PV production. If fX and fY denote their respective
probability density functions, the average mutual information
between Y and X is:

I(X,Y ) =

∫
Y

∫
X

fX,Y log

(
fX,Y
fX .fY

)
dxdy. (6)

A null value of this criterion indicates that the variables X
and Y are independent.

B. ELM-Based Estimation

The Extreme Learning Machine method is a non-parametric
density forecasting method presented and developed in [47]. It
is based on feed forward neural networks but does not require
tuning for the hidden layer parameters (the parameters are
randomly selected making it fast). The proposed configuration
of the ELM-based estimation model for this paper is the
following:
• one model is tuned for each power plant;

• the predictors are the past solar observations of the site of
interest with respective time lags and the NWP variables
selected by the mutual information criterion presented in
subsection III-A;

• the results are generated as predicted quantiles for a
6-hour horizon with 15-min time-steps; the forecasting
model is updated monthly

• the non-crossing quantile constraint has been applied.

C. The proposed model: the QR-Lasso

The aim of quantile regression [58] is to provide an estima-
tion of the following cumulative distribution function:

F (y|X = x) = P(Y ≤ y|X = x) = E(1Y≤y|X = x). (7)

This estimation is made by providing information about a
significant number of points describing the distribution known
as the quantiles. For a continuous probability distribution
function, the quantile of level α ∈ (0, 1), q̂α(Y |X) is

qα(Y |X) = F−1(α) = inf{y,F(y|X = x) ≥ α}. (8)

This quantile is a solution of the minimization problem:

qα(Y ) = arg min
g

E[ρα(Y − g(X))] (9)

where ρα(u) = u (α − 1{u<0}) is the loss function called
the pinball loss. The problem (9) can be generalized to the
conditional quantile of level α as :

qα(Y |X) = arg min
g

E[ρα(Y − g(X))|X = x]. (10)

When assuming a linear relation between Y and X , the
estimation can be made on the observation set using:

q̂α = arg min
β

n∑
i=1

ρα(Yi −X ′iβ). (11)

The equation (11) does not have an explicit solution; the
solution has been found numerically, despite the fact that the
pinball loss is neither differentiable in 0 nor strictly convex.
The problem is then transformed into a linear optimization
problem solved by the simplex algorithm (for small samples)
or interior point method (for large samples) [59]. The condition
of non-crossing quantiles has been taken into account. In prac-
tice, this condition is implemented by adding some constraints
to the problem that specify that each quantile value is positive,
lower than the next value, and lower than the maximum.

D. Adaptation for the High Dimensional Input

Spatio-temporal forecasting, when considering numerous
PV plants, raises the question of choosing the appropriate input
variables for the models involved. Possible inputs include the
production series of the predicted site and the neighboring
sites, and the lagged version of these series. The NWP
meteorological data can also be integrated into the models.
Given that the PV plants may cover a large area of tens of
kilometers, several points of the NWP grid can be considered.
The above information represents a high amount of potential
inputs for the forecasting models and raises the issue of their
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dimensionality and over-fitting. We propose here a variable
selection process, which we have adapted to the quantile
regression.

The method is based on a direct L1-penalization called the
Least Absolute Shrinkage and Selection Operator (LASSO)
[60]. This penalization is applied directly to the estimation
process of the quantile regression model. The estimator is
defined for the quantile of level α as:

β̂lasso = argmin
β
{E[ρα(Y −X ′β)] + λ‖β‖1} . (12)

This penalization also helps to avoid over-fitting in the model.
For values of the penalization parameter λ that are high
enough, some coefficients β are set to zero, thus allowing a
selection to be made between the input variables.

The problem (12) can be reformulated as

argmin
β
{E[ρα(Y −X ′β)]} st ‖β‖1 ≤ R̂λ. (13)

The equations (12) and (13) are equivalent. The latter is
the most common form of optimization problem. The Lasso
is also more suitable for operational models as its run-time
is lower than those of other methods, like L2-penalization,
gradient boosting or the stepwise process. The L1 loss ensures
a variable selection that makes the model perform well with
a reasonable number of variables and is stricter than the L2
loss. More details about the regularization paths can be found
in the literature [60].

This modification of the standard quantile regression pro-
posed here is essential in the spatial-temporal paradigm due
to the high number of potential inputs. The new quantile
regression model including this LASSO variable selection
procedure is hereafter called QR-Lasso. The performance of
this model is evaluated against the reference KDE model.

IV. EVALUATION OF THE FORECASTS

The performance of the proposed model is evaluated for
horizons up to 6 hours ahead with a 15-min time step. It is
considered that forecasts are updated every 15 minutes. This
performance is compared to the reference model. The NWP
data were obtained from the European Centre for Medium-
Range Weather Forecasts (ECMWF). These forecasts are
updated 4 times a day and are given with a 3-hourly temporal
resolution. 15-min values were obtained through interpolation.
The models were developed using the software R [61] with
the packages quantreg, glmnet, elmNN and some specific
functions developed for this study (matrice estimations for
KDE, penalized quantile, etc). The probabilistic (distribution)
forecasts will be characterized by their quantiles. The last third
of the data set (around 5 months) was used as a testing set.
The QR-Lasso model is updated for each time step for each
decile. A single update step took approximately 5 seconds (on
a 12 GB RAM computer).

A. Variables Selection Through Mutual Information
The variable selection procedure allows us to choose the

relevant variables from numerous available inputs, measure-
ments and NWPs, for the case where a large number of PV
plants are involved in the spatio-temporal modeling.

TABLE I
NORMALIZED MUTUAL INFORMATION VALUES FOR 4 PV PLANTS OF THE
DATA SET COMPUTED BETWEEN PV PRODUCTION AND NWP VARIABLES.

NWP Variables Mutual information (%)
P1 P2 P3 P4

Temperature (T) 72.38 70.74 80.79 78.22
Relative Humidity (RH) 70.56 74.56 74.83 71.27
Wind Direction (WD) 25.11 21.88 26.11 21.86

Wind Speed (WS) 6.18 5.78 6.57 5.46
Precipitation 0.18 0.48 0.26 0.27

In Table I, we present the normalized mutual information
between the PV production of four PV plants and the NWP
variables. The mutual information has not been computed for
the top net solar radiation variable since this variable is the
main driver of the PV production process. The table shows
that the two most important variables are the temperature and
the humidity followed by the wind direction. The importance
of the precipitation level is the lowest.

Using this process, we select the following input NWP
variables for the reference KDE model, which will then be
multivariate:
• the top net solar radiation (TSR),
• the temperature (T),
• the relative humidity (RH),
• the wind direction (WD).

B. Analysis of the Lasso Variable Selection

The potential input of the proposed spatio-temporal QR-
Lasso model for each PV plant includes the measured power
of the other 135 plants, the lagged values of these measure-
ments and finally the NWP variables corresponding to the 4
surrounding NWP grid points. The subset of NWP variables
selected by the mutual information criterion is considered.
Then for each PV plant Pi, i = 1, . . . , 136, the number
of total potential inputs is 819 = 4 (NWP forecasts) +
(136× 6)− 1 (6 lags). Figure 4 presents the number of non-
null coefficients related to PV power inputs selected by the
QR-Lasso model for each decile. The maximum number of
variables selected is 320, showing that the selection process
is efficient. The performance of the variable selection process
is also evaluated by examining the geographical position of
the selected PV plants with respect to the position of the PV
plant of interest. Figure 5 presents the positions of the selected
PV plants when forecasting the median of the production of
two PV plants for a 6-hour horizon. The numbers of PV plants
selected from the 136 initial plants are 33 (left) and 43 (right).
For the two power plants of interest presented, the choice of
neighboring plants is quite homogeneous. Some power plants
close to the plant of interest do not provide more knowledge to
the model (in terms of error reduction) than the selected ones.
To ensure the parsimony, these plants are thus not selected by
the model.

C. The Performance of the QR-Lasso Spatial-Temporal Ap-
proach

The quality of the probabilistic forecasts produced with the
selected variables can be evaluated with several criteria [62].
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Fig. 5. The power plants selected by the QR-Lasso model (in blue) when
forecasting the median of the future production for a 6-hour horizon for two
PV plants (in red).

Here we limit our study to the two most common criteria,
i.e. reliability and sharpness, and a combined criterion that
represents overall skill.

Reliability is a criterion that describes the ability of the
probabilistic forecast model to match the expected observation
frequencies. For q̂α a predicted quantile of the level α, the
reliability criterion verifies whether the associated proportion
of data observed under this quantile is equal to the expected
α. To evaluate the reliability of the full predictive density for
each of our models, we evaluate the reliability for quantile
q10 to q90 with an increasing step of 10. The quantiles can
be interpreted as estimated coverage rates, which then allows
us to evaluate the reliability through increasing coverage rate
analysis. Formally, reliability can be defined for the quantile
level (or coverage rate) α and horizon h as:

Relαh = α− 1

N

N∑
t=1

1{yt+h|t ≤ qαt+h|t} (14)

where t is the time when the prediction is made.
Figure 6 presents for these quantiles (predictive intervals)

the observed deviation from the nominal coverage for 3h hori-
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Fig. 6. Reliability of the predictive densities for 3-hour horizons. The red and
green lines represent the KDE model with two cases of smoothing matrix. The
purple and blue lines represent the ELM and QR-Lasso models. The values
are given as average over the forecasting length on the testing set.

zons. Perfect reliability means that there is no deviation, and
this is represented by the horizontal black line on the figure.
The deviation of the ELM model has also been plotted. Two
deviations are plotted for the KDE representing two different
smoothing matrices H1, H2. These smoothing matrices are
respectively the results of the unbiased cross validation and
the smooth cross-validation method (see [56] for more details
on the functions and minimization process). The figure shows
that, depending on the values of the smoothing matrices, the
predictive densities can be either over-estimated (red line for
KDE/H1) or under-estimated (green line for KDE/H2). The
values of the deviation for the QR-Lasso model do not exceed
±0.5% and are lower than those of the KDE model. Moreover,
the deviations of the nominal reliability values of the QR-
Lasso model are lower than those of the ELM model (purple
line).

Sharpness is a complementary analysis tool to reliability
and can be used to evaluate the concentration of the predic-
tive distributions. Sharpness is often evaluated by taking the
average width of centered prediction intervals. After defining
a set of prediction intervals, the distances between the two
boundaries (length of interval) are computed and all of these
distance values are averaged over the evaluation set [63]. The
more concentrated the predictive distributions are, the sharper
the forecasts, which is preferable. The sharpness is defined for
a quantile level α for the horizon h as:

sharpαh =
1

N

N∑
t=1

(
q̂
1−α2
t+h|t − q̂

α
2

t+h|t

)
. (15)

The evaluation of sharpness (as inter-quantile interval lengths)
is presented in Figure 7 for the same prediction intervals as
on the reliability plot. The maximum observed production is
used to normalize the interval lengths. The figure shows that
the average interval length increases with the nominal quantile
(coverage rate). The values range from 3% to 58% and are
lower than those observed for the KDE model for quantiles
up to q60. The inter-quantile interval lengths in the QR-Lasso
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TABLE II
CRPS OF THE SPATIO-TEMPORAL QR-LASSO MODEL AND THE

REFERENCE KDE MODEL FOR FIVE POWER PLANTS.

Power plant CRPS (% Pmax)
KDE ELM QR-Lasso

P1 7.20 7.00 5.20
P2 8.32 7.42 4.14
P3 7.65 7.57 5.23
P4 8.67 7.68 5.14
P5 8.32 7.08 4.38

model are higher than those in the KDE model for upper
quantiles.

D. Overall Probabilistic Forecasting Skill

In addition to reliability and sharpness, an overall evaluation
criterion for probabilistic forecasts is the Continuous Rank
Probability Score (CRPS). The CRPS evaluates the entire
predictive distribution and can be seen as a criterion that com-
bines reliability with sharpness. It is defined for a cumulative
distribution function F and its observation y as

crps(F, y) =

∫ ∞
−∞

(F (x)−H(x− y))2 dx (16)

where H(x) is the Heaviside function, whose value is 0 for
strictly negative x and 1 for positive x. The CRPS can be
interpreted as a measure of distance between the observed
cumulative distribution function and the forecasted one [64].

The average CRPS values over the 6-hour forecast horizon
are presented in Table II for the reference KDE model with
matrix H1 (the one with the best performances), the ELM
model and the QR-Lasso model for five power plants in the test
case. The CRPS values are lowest for the QR-Lasso model,
confirming the improved forecasting performance compared
to the KDE and ELM models. This analysis provides one
more illustration of how well the QR-Lasso model performs.
Moreover, the CRPS values are lower than those of the set of
models presented in the review [11].

Figure 8 represents the predictive densities as a set of
prediction intervals for six days of the testing set for the
power plant P1. The QR-Lasso model performs quite well
to anticipate the variations in production. The length of the
quantile intervals is low compared to what can be observed
in the literature [47]. Overall, most of the variations for days
characterized by high production variability are predicted quite
efficiently.

V. CONCLUSION

In this paper we proposed a probabilistic spatio-temporal
model that exploits off-site information to improve short-term
forecasting of photovoltaic production. The model is based
on quantile regression that has been adapted to integrate a
LASSO variable selection process. This makes it particularly
suitable for situations where data from a high number of PV
installations is available since it is able to handle directly
the resulting high dimensionality and over-fitting issues that
characterize the use of such large amounts of data.

A real world test case with a high number of PV plants was
used to illustrate the full potential of the probabilistic spatio-
temporal approach. The evaluation of the predicted densities
was carried out employing evaluation criteria that are widely
used for probabilistic forecasts. The model shows significant
performance improvement compared to the reference kernel
density model and to models in the literature. The probabilistic
spatio-temporal model appears to be an interesting technique
that performs well to predict the future densities of PV
generation.

The perspectives of this work include the possibility of
extending the forecast horizons to daily forecasts. This would
emphasize the trade-off significance between NWP forecasts
and historic data measurements, and help to define the horizon
limit where the spatial-temporal approach does not permit
improvement. Another improvement could be to consider a
time-varying smoothing matrix to estimate the kernel density,
which is a key parameter of this model.
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