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Abstract: The goal of the paper is to develop an online forecasting procedure to be adopted within
the H2020 InteGRIDy project, where the main objective is to use the photovoltaic (PV) forecast for
optimizing the configuration of a distribution network (DN). Real-time measurements are obtained
and saved for nine photovoltaic plants in a database, together with numerical weather predictions
supplied from a commercial weather forecasting service. Adopting several error metrics as a
performance index, as well as a historical data set for one of the plants on the DN, a preliminary
analysis is performed investigating multiple statistical methods, with the objective of finding the
most suitable one in terms of accuracy and computational effort. Hourly forecasts are performed each
6 h, for a horizon of 72 h. Having found the random forest method as the most suitable one, further
hyper-parameter tuning of the algorithm was performed to improve performance. Optimal results
with respect to normalized root mean square error (NRMSE) were found when training the algorithm
using solar irradiation and a time vector, with a dataset consisting of 21 days. It was concluded that
adding more features does not improve the accuracy when adopting relatively small training sets.
Furthermore, the error was not significantly affected by the horizon of the forecast, where the 72-h
horizon forecast showed an error increment of slightly above 2% when compared to the 6-h forecast.
Thanks to the InteGRIDy project, the proposed algorithms were tested in a large scale real-life pilot,
allowing the validation of the mathematical approach, but taking also into account both, problems
related to faults in the telecommunication grids, as well as errors in the data exchange and storage
procedures. Such an approach is capable of providing a proper quantification of the performances in
a real-life scenario.

Keywords: PV forecast; online forecast; statistical methods; machine learning; random forests;
real-life implementation

1. Introduction

Fossil fuels have been the dominant factor in the global energy portfolio ever since the start of the
Industrial Revolution. Nowadays, they are mostly used in the energy and transportation sectors [1].
Fossil fuels usage is the main cause of air pollution and rise of CO, emissions, which has largely
contributed to the issue of global warming. Furthermore, considering the projected growth of global
energy requirements of up to 130 PWh for the year of 2050 [2], the energy production portfolio is a
very relevant topic. As a result, many policies have been set in place in order to tackle this global event.
The first attempt to regulate CO, emissions was made in the 1992, when the United Nations Framework
Convention on Climate Changes (UNFCCC) was signed. Then followed the Kyoto protocol and the
Paris agreement, both extending the UNFCCC convention on a global level [3,4]. On the other hand,
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the EU has made a unilateral commitment to reduce overall greenhouse gas (GHG) emissions by 20%
compared to 1990 levels, achieve 20% energy produced by renewable energy sources (RES), as well as
20% improvement in energy efficiency, until the end of 2020 [5]. These goals have been set to be reached
through the implementation of necessary government subsidies to improve the economic feasibility of
RES powered plants and thus, enable the upcoming RES deployment. Some of the subsidies included
feed-in tariffs and premiums, green certificates, tenders etc., complementing the standard stream of
income for producers.

These subsidies have led to an exponential increment in the deployment of RES powered
production, with the installed capacity having increased by 7.4% in the year of 2019 and by 35% in the
last 5 years. However, the most important indicator is the 72% share of RES in new capacities installed
during the year 2019 [6], while the most prominent RES technology is the solar PV. The main reason
behind this is its low scale applicability and the advances in the technology, causing the prices to drop
by 80% in the past decade [7]. Many consumers have been able to take advantage of the subsidies
and build small photovoltaic (PV) systems to accommodate local needs. The rise of PV generation for
the past two decades, together with forecasts for the years of 2025 and 2030 are depicted on Figure 1,
with the installed power following an identical trend.
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Figure 1. Solar photovoltaic generation: trend for 2000-2019 and targets for 2025 and 2030 [8]
©IEA 2020.

However, besides the contribution of solar PV power to solving the issue of global warming,
there are negative aspects to this sudden rise. The main problem revolving around PV production is
its high dependence on an intermittent natural resource—the sun. The production usually follows a
specific very well-known trend, but it can be extremely volatile at times due to weather conditions.
Solar PV production presents a problem for power system operation by itself, considering the effect of
“the duck curve” that occurs due to the different peak times of PV and residential load. This issue is
amplified when accounting for the unpredictability of production, leading to energy imbalance and
increased cost of dispatching. Moreover, having a high percentage of uncontrollable and intermittent
generation leads to a lower amount of spinning reserve by dispatched units. This yields the necessity
for accurate forecasting methods to improve the economic efficiency, but most importantly, to assure
the security and reliability of the power system operation. Furthermore, accurate forecast methods are
paramount for producers and energy traders, since usually in the case of poor forecast penalties shall
be paid to the market operator, reducing the net economic benefit. The large amount of PV installed
as distributed generation on the distribution network has led to the need for an increased level of
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monitoring and controllability. This has been answered in the form of the deployment of smart grid
components by modern distribution system operators (DSO), moving from the past fit and forget to a
new fit and control approach for distributed generation. Mainly, this could increase the reliability of
the medium voltage (MV) network, while also improving the hosting capacity and reducing losses
through grid optimization techniques. Naturally, for all concerned actors, the importance and benefit
from accurate forecast of PV production increases with the growth in installed capacity.

Such concepts are supported and developed within the InteGRIDy project [9], funded by the
Horizon 2020 initiative, where the main goal is to advance the operation of the power system through
improving the integration of RES, battery energy storage system (BESS) and e-mobility on 10 different
pilot sites. Regarding the San Severino Marche pilot, the main scope is to develop an online MV grid
optimization tool. Currently, there are 410 PV plants connected to the observed distribution network,
which supplies a small town in the Central Italy, with installed powers ranging from 3 kW to 2.3 MW.
Furthermore, 41 of them are directly connected to the MV network, while the rest are connected to
the low voltage grid. Due to the large amount of solar PV installed power, PV forecast plays a crucial
role in the optimization process. In collaboration with the DSO, data acquisition is centered around
a database, where power and voltage measurement data for multiple devices are written with time
resolution of 2 min, including nine of the PV plants.

The target of this paper is to cross-compare PV production forecast approaches in real-life
conditions, to perform further optimization with respect to accuracy and computational complexity
and, finally, quantify the performances of the chosen architecture for different time horizons. Regarding
the structure of the paper, first an overview will be presented on forecasting methodologies and
classifications, together with an overview on related works. Then, adopting a historic dataset,
multiple forecasting techniques will be investigated given the parameters and data available for our
implementation, with the goal of finding the most suitable one. Finally, further optimization of the
selected methodology and the final implementation within an online forecasting procedure will be
presented, together with selected accuracy metrics.

2. Forecasting Methods Classification and Related Works

In this paragraph, an in-depth overview on forecasting methods will be presented, together with
a thorough overview on related works. In the literature, multiple classifications of solar PV forecast
can be found, the first being related to the forecast horizon, or the amount of time between the time of
forecasting and the time of prediction [10]. This factor is supposed to be crucial. i.e., the regulatory
framework has to be properly evaluated in order to set up the algorithm coherently with the electric
market rules. Multiple criterions exist, but according to [11] there are four types:

e  Very short term—forecast horizon up to 6 h, usually performed with higher time resolutions.
e  Short term—forecast horizon between 6 h and up to 3 days.

e  Medium term—forecast horizon between 3 days and several months.

e Long term—forecast horizon between several months and multiple years.

Even though the forecasting error increases with the horizon observed, each type serves a different
purpose; very short term prediction is useful for assuring the security of the power system in case
of volatile weather conditions. Short term predictions have the widest implementation; they are
used by producers and prosumers to optimize their profit, as well as for unit dispatching and load
balancing. Medium term forecasts are mainly for asset management, whereas long term forecasts
are used for analyzing resources and selecting future sites for deployment. Nowadays, the largest
focus of the research is on short term forecast procedures, a relatively short window that allows for
more accurate weather forecast and is directly related to the operation of the power grid, as well as the
electricity markets.

According to the method used to perform the forecast, models can be classified as physical,
statistical, or data-driven, and hybrid. Physical methods are based on numerical weather predictors
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(NWPs), sky imagery, and satellite imaging. Based on the area simulated, they can be either global
or mesoscale, where it should be noted that for the purpose of PV forecast, only mesoscale with a
resolution of up to 50 km should be used [12]. It is considered that forecasts for a group of distributed
plants achieves better results when adopting an NWP due to the spatial averaging effect [13]. However,
in order to decrease the spatial resolution and increase the accuracy, these complex algorithms use
detailed meteorological data that have to be bought, increasing the costs for the utility in need of PV
forecast. For this reason, they can be replaced by commercially available weather forecasting services,
improving the economic efficiency, but limiting the accuracy and time resolution.

On the other hand, statistical methods rely on historical data and generally do not require any
additional information regarding the physical characteristics of the PV plant, nor the location where it is
installed. They include autoregressive moving average (ARMA) and autoregressive integrated moving
average (ARIMA) modelling, as well as different types of machine learning techniques attempting to
model the complex and nonlinear dependencies between input and output variables, including artificial
neural networks (ANN), support vector machine (SVM), Markov chain, different tree and regression
methods, persistence methods usually used as benchmark, etc. An improvement over the classical
persistence method is the so called “smart persistence”. This method is detailed in [14], where instead
of assuming continuity of irradiance or power output, it is considered that the sky clearness is constant
and is combined with the clear sky model in order to obtain the irradiation. Furthermore, they can
either be used to directly predict the power output, or indirectly by predicting weather parameters
first. The latter concept is adopted in [15], comparing multiple naive regression methods with machine
learning techniques, with the goal of forecasting the solar irradiance. The optimal result was obtained
by the least squares SVM, where it was found that using principal component analysis (PCA) to select
the most important features to be used improved the accuracy by 9%. Moreover, a thorough overview
on solar irradiation forecasting techniques is presented in [16], considering numerical weather predictor
models, cloud imagery, and statistical methods.

The notion of reducing the dimensions of the input vector by analyzing the importance of each
predictor in the dataset and excluding the ones that are weakly correlated to the output variable is
extremely important for creating an accurate model. For example, the authors of [17] incorporated a
preliminary stepwise regression to identify the importance of each predictors for the specific dataset
before building the final prediction model. According to the literature, the weather parameters with
the highest impact on PV production are solar irradiance, temperature, humidity, and rainfall [18-20].

ANN: s are perhaps the most widespread statistical techniques, and according to many reviews,
they are the most effective ones. This is due to the ability of the ANN to capture very detailed variations
in the relationship between the input and output variables. Different types of ANNSs are implemented
in the literature for the purpose of direct or indirect PV forecast, including multi-layer perception
(MLP), recurrent neural network (RNN), and feed-forward neural networks (FNN). Authors in [21]
found that the accuracy of a properly optimized MLP ANN when predicting for a 24-h horizon was
superior when compared with an ARIMA model, adaptive neuro-fuzzy model, and k-nearest neighbors
model. Furthermore, in [22] the authors implement a RNN for a different application; mainly the
goal was to predict the total daily production for an entire year, where the normalized root mean
squared error (NRMSE) showed to be only 7%. The main drawbacks are related to the amount of data
required, and the necessity for an accurate hyper-tuning of the model, including number of hidden
layers, neurons etc. These values need to be optimized for each individual case.

On the other hand, tree-based methods usually do not depend as much on the model tuning
and can obtain decent results even using default parameters [20,23]. An in-depth overview on the
theoretic background on multiple tree methods, their implementation, comparison, and optimization
is presented in [24]. A comprehensive analysis is performed in [25], where authors compared multiple
techniques including binary regression trees, random forest (RF), gradient boosted regression trees for
a horizon of 28-45 h. The best result was obtained by the RF model, obtaining an NRMSE between 10%
and 12% for individual plants over 30-fold cross validation. The parameter tuning process of a RF is
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detailed in [23], and the performance is compared to a SVM. Adopting NRMSE as a metric, the results
slightly favored the RF technique. The authors also found that when using large data sets, the accuracy
of the model is improved when including the month, day, and hour as input.

The efficiency of adopting SVM as a PV forecaster was explored in multiple scientific
works [19,23,26]. The performance of this technique depends on the selection of the kernel functions
and the tuning of the parameters related to the kernel function. In the literature, the most frequently
used kernel function for regression problems is the RBF (radial-basis function), since it is a nonlinear
function which maps samples into a higher dimensional space, thus is easily able to handle nonlinear
dependencies [27].

An alternative to using a statistical method to directly predict the output of the PV is adopting
a physical representation of the PV system. In these cases, the plant is represented as a function of
a set of independent variables, including the cell characteristics of the system [12]. Then, either an
NWP or a statistical prediction of weather parameters can be used to obtain the output of the plant.
However, it should be noted that this kind of forecast requires very specific details about the plant,
such as location, panel tilt and orientation, inverter efficiency, etc.

These models offer limited accuracy when forecasting high time-resolution data, and for this
reason are usually used to either predict the long-term behavior of production, or to predict an
aggregated production over a longer period. For example, in [28] different types of ARIMA models
are evaluated to predict the daily total energy production by a PV plant, using 1 year of historical
production as the dependent variable.

This is due to the fact that the weather follows certain seasonal changes that are fairly easy
to predict, and are observable from historic data, however when it comes to its dynamic behavior,
NWPs offer much higher accuracy. Models that include a weather forecast, no matter if it is modeled
separately or using a dedicated online weather forecast service, are usually referred to as hybrid or
two-stage models. The authors of [21] implement such an approach, where a global NWP model
is feeding input data for a localized meso-scale NWP, which is finally used as an input different
types of statistical methods used to forecast daily energy production. These models are referred to
as two-staged, with either adopting only a clear sky model of the location observed or including
more advanced NWDPs. The accuracy of these methods depends on the individual accuracy of the
two models. Furthermore, in [29] the authors concluded that hybrid methods that use historical
measurements of meteorological parameters for training machine learning algorithms usually lead to
improved results. Indeed, this makes sense, since the input used to train the model is based solely
on measurements, reducing the error with respect to training the algorithm with forecasted weather
parameters. Another technique that is commonly used to improve accuracy is to cluster the dataset
based on weather classification, thus creating multiple different models for different weather conditions.
This, of course, is done at the expense of computational time and it requires larger datasets to assure
that all different clusters are sufficiently present in the observed dataset. Then, the chosen model
depends on the weather forecast, where the forecasted irradiation is compared against the clear sky
model. In [12] the authors clustered the dataset into sunny and cloudy days, whereas the authors
of [26] went a step further, classifying into four categories: sunny, cloudy, foggy, and rainy. Usually,
the forecast is the most accurate for the sunny days, however, this can be attributed to the fact that the
sunny cluster was the largest one, but also due to the accuracy of the weather forecast in poor weather
conditions. Regardless, both [12,26] found improvements in the accuracy of the respective models
when compared with considering only one large dataset.

However, in theory models that adopt a feature selection procedure are also considered ensemble
methods. An overview of different feature selection methods combined with an ANN is presented
in [30]. Similarly, in [31] the authors use a genetic algorithm to perform feature selection, where the
most important features are then fed in an ANN. The authors found a 32% improvement with respect
to the persistence method. The authors in [14] investigated using a smart persistence model as an
input to a random forest algorithm and found improvements in the accuracy of the ensemble model.
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Analyses performed in the literature offer some basic insight on the efficiency of each technique;
however, the importance of different weather predictors and the efficiency of a selected model is
dependent on each individual application, and thus the results vary from case to case. With respect to
the application, most research efforts focus on the efficiency of the method itself and employ a larger
dataset in order to perform the analysis, disregarding the time continuity of the data used to train
the algorithms. However, a few authors focus on a real-life implementation, performing a mobile
or an “online” forecast, where the goal is to periodically predict the hourly output of a PV output.
For example, the authors of [32] employ an ANN to perform 24-h forecasts for a duration of 1 year,
whereas in [33] the authors explore multiple auto-regressive methods combined with NWP parameters
to forecast the output for a 24-h periods, but with a time horizon 12-36 h.

3. Methodology and Offline Validation

The goal of the analysis presented in this section is to find the most suitable method for PV forecast
implementation within the InteGRIDy project. Taking into account the number of generators connected
to the distribution network (as mentioned before, a few hundreds), it is hardly possible for the DSO
to have access to detailed information about each power plant. For this reason, multiple different
statistical techniques are investigated, detailed later in this section. It is important to clarify that in this
section, the analysis is performed disregarding the time continuity of the forecast, but instead using the
entire data set: i.e., the algorithm will be trained by using data that succeed the predicted output, data
that of course would not be available in an online procedure. All these algorithms are in fact hybrid
methods, utilizing both a statistical method, and a physical mesoscale model for the weather forecast,
as well as an analytical clear sky irradiation model for the specific location. Multiple features related to
weather parameters are used to train the models, with the dependent variable being the power output,
since the goal is to directly predict the power injected in the grid by PV plants. Computations have
been performed adopting the software package MATLAB [34].

3.1. Dataset

The analyses were performed using production data from one of the PV plants in the
InteGRIDy project, with an installed power of 990 kW. The dataset represents a period of 142 days,
between 28 February 2018 and 1 August 2018. Measurements were available with a time step of 1 min,
but they were further sampled to an hourly rate. In some cases, data was either missing or corrupted;
hours where more than 90% of the data is missing were disregarded from the dataset. Actually,
the dataset being related to real-life power plants, data missing could be related to many different
causes: fault in telecommunications, issues in the data logging, maintenance, etc. The preprocessed
data available for the evaluation of the algorithms are presented on Figure 2.

1200
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Figure 2. Power production profile.



Energies 2020, 13, 5330 7 of 21

The second part of the dataset is composed of weather parameters. Hourly weather forecasts for
100 different grid points are released by a commercial weather forecast provider [35] via a dedicated
HTTP API service, as depicted in Figure 3. Parameters available in the forecast include global
horizontal irradiance (GHI), temperature, humidity, wind speed, wind direction and precipitation.
For the analyzed period in this chapter, forecasts were made available each day at midnight for the
following 72 h. Thus, the accuracy for a power production forecasting procedure with a 24-h time
horizon was evaluated.

Figure 3. Grid points for the weather forecast.

A unique dataset was created considering only the hours for which both production and weather
predictions were available. First, given the coordinates of the plant, the forecast that best suits the
location was selected. Together with the production data vector, the dataset was composed by eight
variables. The input vector was composed as:

o  Xl—clear sky GHIL;

e X2—forecasted GHI;
e  X3—temperature;

e  X4—precipitation;

e  X5—wind speed;

e X6—daily insulation;
e  X7—hour of the day.

Feature X1 is the theoretical irradiation computed with the clear sky model, whereas features X2,
X3, X4, and X5 are available from the weather forecast provider [36]. The clear sky irradiation was
adopted for the specific location of the plant using the CAMS model, presented in [36]. On the other
hand, predictor X6 was computed numerically, calculating the integral of the hourly forecasted GHI
over the entire day. Data was further processed in a way that only hours where the clear sky GHI was
higher than 0 were selected for further evaluation. The reason for this is twofold: we were interested in
the accuracy of the algorithm during day hours when PV production is non-null, and, we were willing
to avoid problems due to the heavily nonlinear dependency of the weather parameters and production
during these periods; consequently the weather forecast and production during night hours were
excluded from the dataset.

A clarification needs to be made that the analysis performed in this paper does not present an
overall evaluation of the performance of each technique for PV forecast, but instead an evaluation of the
performance of each method within our specific implementation, considering the data that is available
for the forecasting procedure. Since actual measurements are only available for power production and
not for weather parameters, the error of the production forecast will be affected by the accuracy of the
commercially provided weather forecast. From the project’s point of view, the main goal is to optimize
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the total error, since due to lack of measurements for weather parameters on sites of the plants, it was
not possible to evaluate the impact of the error introduced by the weather forecast provider.

3.2. Methods Investigated

3.2.1. Persistence

Persistence is the most straightforward statistical method, usually used as a benchmark for testing
the accuracy of other approaches. In the case of solar PV, it assumes that the solar irradiance profile
is periodical with a period of 24 h when observing limited amount of days, and remains more or
less constant when observing relatively short periods. Additionally, in fact, research has shown that
the accuracy drastically decreases as the time horizon of the forecast increases. This is true when
observing the clear sky model, however, it is heavily constrained by the continuity of the actual weather
conditions. This leads to the error of this model being with a large variance. The method can be
described with the formula:

Pout(t) = Pout(t — A) @D

where P, is the output of the plant, whereas A in our case is 24 h, so for the implementation within
this analysis, we adopted a D-1 approach.

3.2.2. Linear Regression

Linear regression is a linear approach for modeling the relationship between a scalar response
and one or more explanatory variables. In the case of only one such variable, the method is called
simple linear regression (SLR), depicted by the formula:

y=DBo+x-B; )

where By and B; are coefficients computed in order to fit the model with the available data. In the
case of multiple parameters with linear dependence with the response variable, the model is called
multiple linear regression (MLR) and presented as:

Y =By+ [X]lxm ’ [B]mxl ®3)

where [B] is a vector made by coefficients that attempt to fit a linear model to the m number of
dependent features, while [X] is the vector composed of those features. As previously mentioned,
in the case of solar production forecast, the dominant variable is the solar irradiance, however the
output of the plant is influenced in a heavily nonlinear way by other variables such as temperature,
humidity, wind, etc.

In the analysis, two different SLRs are investigated: one as a function of the predicted GHI and
the second as a function of the clear sky model. Moreover, the performance of a MLR adopting all
seven features is evaluated. However, linear models become less accurate if the dependencies are not
linear, which is the case with solar PV output. For this reason, the direction of the research was set
towards machine learning algorithms that are able to incorporate strongly nonlinear dependencies and
present a more accurate response.

3.2.3. Support Vector Machine

SVM is a supervised machine learning algorithm used for both, classification and regression.
In the latter case, it is referred to as support vector regression. In the general case, the algorithm creates
a hyperplane with N dimensions, where N is the number of features of the input dataset. This is
done in a way that it optimally corresponds and fits the input data. Thus, the objective function is
to minimize the 12 norm of the coefficient vector w, or in other words to make the hyperplane as
flat as possible. Since in regression problems the output is a real number, a margin for tolerance
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must be set when obtaining the hyperplane. This margin is represented as the maximum error or
tolerance—e. Outliers being present in the data set can lead to underfitting of the algorithm, causing it
to be too generalizing. To allow for some flexibility, SVM models have a cost parameter C, that controls
the tradeoff between allowing training errors and forcing rigid margins. Increasing the value of C
increases the cost of samples that are not within the allowed error margin—¢;, forcing the creation of
a more accurate model, which in return might not generalize well enough. This would lead to poor
performances when testing the algorithm on a data set that had not been used in the training process.
The objective function is defined as:

N
1
MINZ[[wl +C Z{ & @
1=
subject to the following constraint:
|yi —wxi = b| < e + &)l ®)

For nonlinear dependencies such as in the case of PV forecast, kernel functions are introduced,
transforming the dataset X to a higher dimensional space, making the linear separation possible. In this
case, the regression function of the hyperplane is given as:

Y = f(X) = (w, (X)) +b (6)

where (°, °) represents a dot product, and ¢(X) the transformation that maps the features into the
higher dimension space. Three different kernel functions or transformations are considered in this
preliminary analysis: gaussian or radial basis, polynomial, and linear. The specifics and the declaration
of each kernel can be found in the following literature [37-39]. The algorithm can be optimized by
adjusting its hyperparameters C, ¢, and y—kernel parameter. In this case, further optimization was not
performed, and the following values suggested by the SVR documentation in MATLAB were adopted:

igr(Y)

=131 @)
_igr(Y)

€~ 1349 ®)

where igr(Y) represents the interquartile range or the difference between the 25th and the 75th percentile
of the values in Y, which in our case is the power production vector. After further analysis, it was
found that the values adopted are corresponding, in relative terms with respect to the rated power of
the plant, to the results obtained in [23]. Furthermore, the authors in [23] found that the performance
of the algorithm is not very sensitive to small variations in these hyperparameters.

3.2.4. Tree-Based Methods

Decision tree is a supervised machine learning algorithm, widely used for classification and
regression problems. It works for both categorical and continuous input and output variables. Decision
trees where the target variable can take continuous values, typically real numbers, are called regression
trees. The tree building process is based on a top-down greedy approach, that is known as recursive
binary splitting. In each node, a variable is used to split the tree in two branches, making sure that
the chosen split has the lowest MSE, until no further improvement can be achieved. In the end,
the terminal nodes are called leaves, a parameter that can be controlled by setting the minimum amount
of allowed leaves. This is closely related to the variance of the output, and improper values can lead to
over/underfitting. In our analysis, for all tree methods, a minimum of four leaves per tree was used.
Still, this technique can result in a high variance of the output due to a small change in the training
sample values [40]. To improve the performance of this techniques, usually ensemble methods such as
boosting, and aggregating are adopted.
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A typical example of boosting is the Adaptive Boosting (AdaBoost), a learning algorithm used
to improve the performance of a simple classification tree. The algorithm uses multiple iterations to
generate a single composite strong learner. AdaBoost creates a strong learner by iteratively adding
weak learners. During each iteration, a new weak learner is added to the ensemble, and a weighting
vector is adjusted to focus on samples that were misclassified in previous rounds.

Bootstrap aggregation or bagging is a general-purpose procedure for reducing the variance of a
statistical learning method. Given a standard training set of size N, bagging generates B new training
sets b'"", each of size n, by sampling from the dataset uniformly and with replacement. By sampling
with replacement, some observations may be repeated in each b*" training set. This sample is known
as a bootstrap sample. Then, the B models obtained are fitted using the above bootstrap samples
and combined by either averaging the output for regression or voting for classification. In case of
regression problems, the tree is trained on the b bootstrapped training set to get the single prediction
f°t. Then, the aggregate prediction is evaluated as:

1 B
fbagZE'Zf*b (9)

Even though bagging provides improvements over regular decision trees, it suffers from subtle
drawbacks, such as increasing the computational complexity by B times. Furthermore, since trees in
the base are correlated, the prediction accuracy will get saturated.

Random forests (RF) provide an improvement over bagged trees by way of a small tweak that
decorrelates the trees. Adopting this method, each tree is constructed using a random sample of
predictors before splitting at each node. Since at the core random forests are also bagged trees, they lead
to variance reduction as well. There are three main hyperparameters that need further optimization
when adopting the random forests algorithm: leaf size, number of trees, and number of predictors
sampled. A comprehensive sensitivity analysis was performed in [41], where it was found that the
impact of the number of trees after reaching 50 was negligible. This was confirmed by repeating the
analysis on our dataset, not showing any meaningful or steady improvement in accuracy. Similarly,
the authors showed that algorithms with lower amount of leaves have a much better performance,
a conclusion also reached in [42]. However, due to the negligible impact on computational time,
we adopted an algorithm with 150 trees and four leaves. The random forest algorithm finds the
predictors with higher correlation to the output variable and uses those predictors more frequently,
thus improving the results. Generally, in case of D predictors, choosing D /3 predictors per tree is a
good choice for regression problems [43], thus the RF algorithm adopted in our case uses three features
per tree.

3.2.5. Neural Networks

An artificial neural network (ANN) is composed of a large number of highly interconnected
processing neurons utilizing different transfer functions, working in unison to solve specific problems.
They are configured for individual applications, such as pattern recognition or data classification,
through a learning process utilizing training datasets. In fact, after the learning process, they act as a
black box in the eyes of the user, using an iterative procedure to act as a higher dimensional nonlinear
function. Their main drawback is the abundancy of historical data required to train the algorithm even
for simple tasks, as well as the necessity for hyperparameter tuning. This usually leads to relatively
high computational times. A comprehensive overview and theoretic background of different ANN
architectures for solar PV forecast can be found in the literature [44]; however, for the prediction
performed in this analysis, the 24-h forecast is obtained adopting a multi-layer perception ANN with
the following characteristics:

e  Eight numerical predictors in input;
e  One numerical output, power produced by the PV plant;
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e  Sigmoid activation function in the single neuron;
e  Error back propagation with the Levenberg-Markquard algorithm for training;
e  Mean square error (MSE) adopted as the error definition during the learning process.

Furthermore, a tuning process in the form of a sensitivity analysis was adopted to optimize the
number of layers and neurons to use. The main observation is that the usage of a single neuron in
the first layer has a large impact on performances. Considering the NRMSE and computational effort
parameters, a local optimum was found adopting a configuration with nine neurons in the first layer
and seven in the second, similarly to what was concluded in [45]. Moreover, an ensemble of 10 ANNs
was adopted to improve the accuracy of the algorithm, as it has been shown in [45].

3.3. Validation and Performance Indices

The validation was performed adopting a 10-fold cross validation, where each method is trained
with 90% of the dataset and tested with the other 10%. This was repeated for each part of the dataset in
order to obtain more robust performance indices. An exception to this validation procedure is the case
of the neural network, since it requires a validation set during the training process to avoid overfitting.
In this case, the validation is a percentage extracted from the training set, while the test set remains
only for the final evaluation of the performances.

The normalized values with respect to the maximum power measured of three different common
performance indices in evaluating regression problems were considered: root mean squared error
(RMSE), mean absolute error (MAE), and mean bias error (MBE), defined as:

N
100 (1 2
NRMSE = \/ 5 1—21 (P; - P;) (10)

P max

100 N
NMAE = P; —P; 11
. N;| i~ Pi )

100 .

(P;=P;) (12)

where N is the number of samples, P; is the real output of the plant for sample i, and P; is the predicted
value. In addition to these indices, the computational time for training the models and performing the
prediction was evaluated and compared (data are related to an Intel i7—6700 at 3.4 GHz CPU with
16 Gb RAM).

3.4. Preliminary Results

The performances of each of the evaluated statistical methods are reported on Figure 4.

It can be seen that even a simple linear model can improve the performance with respect to the
persistence model. In particular, it was found when the linear regression is based on the predicted
GHLI, the model is sufficiently accurate and has evidently better performance than some of the simpler
machine learning techniques such as the regression tree. Adding more predictors which are not
strongly correlated to the dependent variable does not have to improve the accuracy, as it can be seen
comparing the error metrics of the SLR and MLR. Looking at the different kernels adopted for the SVM
technique, expectedly the best performance can be seen by the Gaussian kernel, which is the most
widely adopted. Observing the tree methods, tree bagging and RF show similar performances when
considering RMSE and MAE, however the RF performs superiorly with respect to the MBE. Finally,
the MLP neural network was found to have worse performance when compared to the Gaussian
SVM and the RF techniques considering all error metrics. Usually, neural networks are used for
much more complex problems, and for relatively simpler standard machine learning techniques have
better performance.
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Looking at the computational effort presented on Figure 4d, the execution time varies from
milliseconds for the persistence, to tens of seconds for the neural networks, proving that neural
networks are indeed the most computationally intensive method. These results were obtained by
executing the calculations 10 times in order to get more robust values. The values presented depict the
time required only to perform the prediction, so these values are strongly related to the complexity of
each technique.
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Figure 4. Evaluation of each proposed forecasting technique with respect to the following parameters
(a) NRMSE (%)—with respect to Pmax; (b) NMAE (%)—with respect to Pmax; (c) NMBE (%)—with
respect to Pmax; (d) computational time (s).

4. Real-Life Forecast Implementation

As it was previously mentioned, the final goal of this paper is to develop an accurate online
forecasting procedure that feeds the grid optimization and real-time battery storage operation
algorithms. The telecommunications network architecture that enables the power production data
acquisition, as well as the challenges in reliability of data transfer within the InteGRIDy project are
detailed in [46].

As of lately, the weather forecast data are available more frequently [36], each 6 h, for the same
interval of 72 h. The weather forecast is downloaded each day at t Vt € {00 : 30,06 : 30,12 : 30,18 : 30},
and then saved in the project’s database. As a result, the mobile power production forecast is performed
each 6 h, where for every 6 h period, 12 different weather forecasts are available, and thus, 12 different
power production forecasts. Of course, both the grid optimization tool, as well as the real time
operation of BESS, for each 6 h interval will consider only the most updated forecast. This is a
time-dependent process, since data can only be acquired progressively. This means that for each
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forecast, a moving-window incremental dataset with a fixed size is used to train the algorithm.
The metacode for the forecasting procedure that is executed 15 min after downloading the METEO
forecast is depicted on Table 1.

Table 1. Mobile forecasting procedure.

Online Power Output Forecasting Procedure Flowchart

(a) Forecast the production of plants with available measurements

For each of the nine plants with available real-time measurements:

1: Select the closest weather station based on latitude and longitude.

2: From the database, read the power production for the last N training days, starting at the current day at 00:00.

3: Sample the data such as Py = Il\] * ngfg(‘)ﬁin P;, where t is each hour from the training set.
4: Perform data scan to exclude any corrupted power measurements. An algorithm assuming linearity
between the produced power and forecasted GHI is implemented.

5: From the database, for each hour read the latest available historical weather forecast from the weather
station selected in step 1 for the last N training days.

6: Synchronize the historical power production and weather forecast vector.

7: Train the algorithm adopting the synchronized vector of the dataset.

8: Using the weather forecast for the following 72 h and the trained model, forecast the power production
output for the same period.

9: Save the forecasted data in the database

(b) Calculate the average normalized power production forecast with respect to Prated, to be used by the
algorithms for plants without available measurements.

. p orecast (i
1: For each hour t of the 72-h intervalP,,,,,(;) = % * ):?:1 %ﬁ(’g”

2: Save the average normalized forecast in the project’s database.

4.1. Model Selection for the Mobile Forecast and Parameter Optimization

After the preliminary analysis investigating forecast techniques, see Section 3, a few methods showed
similar results. However, when considering the online mobile implementation, the computational
effort plays an important role in the decision, due to the fact that the forecast needs to be performed
relatively often, for multiple power plants. Moreover, a large portion of the computational effort comes
as a result of the communication between the forecasting software tool and the project’s database,
as well as sampling and pre-scanning the data. In the preliminary simulations the entire data set
was used to perform the analysis, which is something that would greatly increase the computational
time. In the online forecast, the goal is to find the optimal training window that allows for accurate
results, while respecting the time boundaries. For this reason, based on the results obtained in the
preliminary analysis (see Section 3.3), random forests algorithms were selected as the most suited
approach. In particular, the parameters that are optimized, together with the corresponding values
investigated are:

e Training set size € {3 days, 7 days, 14 days, 21 days, 28 days, 35 days};
e Featuresused €{1, 2, 3,4, 5};
e  Number of trees € {25, 50, 150, 250}.

According to the analysis, analysis on the importance of the available features in the dataset,
detailed in Section 3.1, the features were added in the following order:

Forecasted solar GHI;

Time vector—hour of the day;
Clear sky GHI;

Forecasted temperature;

O i o

Forecasted humidity.

The optimization of the parameters was performed using the procedure depicted in Table 1
in an offline mode, where, in order to achieve common ground for different training set sizes, the
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errors were calculated on a common time interval between 1 February 2020 and 1 August 2020. Then,
the performance in each case was evaluated adopting the NRMSE metric defined in Equation (10).
The actual dataset used for training, of course, depends on the number of training days adopted.
For the cases adopting 35 training days, data from the period between 26 December 2020 to 1 August
2020 were used. The analysis was performed, and the results of the optimization were verified using
two plants with fairly diverse installed powers from the InteGRIDy project, with their power profiles
being presented in Figure 4.

e Plant 1: Prated = 2300 kW; Pmax = 1974 kW.
e Plant 2: Prated = 100 kW, Pmax = 80.7 kW.

Figure 5 represents the power profiles of the respective power plants after the data scanning
procedure mentioned in Table 1. As it was described, data can be missing from the dataset for short
periods due to communication malfunction or other issues: in a real-life project this is a stressing factor
that could strongly affect the forecast performances.

Plant 1 Plant 2

100 —

——— Measurements used only for training
—Measurements used for training and accuracy analysis

T T
———Measurements used only for training
— Measurements used for training and accuracy analysis

90

2000 | ik
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1000 40
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500 20
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| . =
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Jan 2020 Feb 2020 Mar 2020 Apr 2020 May 2020 Jun 2020 Jul 2020 Aug 2020

(a (b)
Figure 5. Power production used in the simulations. (a) Plant 1; (b) Plant 2.
4.2. Model Optimization Results

First, simulations were executed to observe the influence of the number of trees on the performance
of the algorithm. It was found that adopting more than 50 + 100 trees does not correlate with further
improvement, but also that the effect on computational effort is negligible. Thus, a value of 150 trees
was chosen, in order to reduce the dimension of the optimization process for the other two parameters.
Then, an optimization procedure was performed for choosing the optimal training set size and the
number of features used to train the RF algorithm, considering both the accuracy and the computational
effort, the results of which can be found in Tables 2—4.

Table 2. NRMSE calculations for Plant 1.

3 Days 7 Days 14 Days 21 Days 28 Days 35 Days
1 Feature 15.471 14.496 15.221 15.282 15.299 15.416
2 Features 14.934 13.379 13.099 12.824 12.848 12.914
3 Features 15.540 13.998 13.590 13.185 13.208 13.156
4 Features 15.722 13.905 13.517 13.065 13.036 13.061

5 Features 15.462 13.809 13.221 12.859 12.791 12.811
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Table 3. NRMSE calculations for Plant 2.

3 Days 7 Days 14 Days 21 Days 28 Days 35 Days
1 Feature 19.730 18.359 19.414 19.782 19.748 19.610
2 Features 17.664 15.160 14.620 14.340 14.364 14.402
3 Features 18.175 15.798 15.085 14.808 14.827 14.836
4 Features 18.406 16.020 15.299 14.851 14.679 14.699
5 Features 18.282 15.884 15.006 14.754 14.486 14.598

Table 4. Computational effort (s).

3 Days 7 Days 14 Days 21 Days 28 Days 35 Days
1 Feature 2.51 3.19 4.79 5.80 11.24 12.16
2 Features 2.56 3.15 5.03 5.83 11.79 12.41
3 Features 2.49 3.10 5.02 5.73 11.45 12.27
4 Features 2.58 3.25 5.16 6.07 11.90 12.49
5 Features 2.54 3.18 511 6.01 12.02 12.38

First, the accuracy was evaluated adopting the NRMSE with respect to Pmax as error metric,
detailed in Equation (10). These results, for Plant 1 and Plant 2, are displayed in Tables 2 and 3,
respectively. Having in mind that for each 6 h interval there are 12 different forecasts available, it should
be noted that the accuracy evaluation presented in Tables 2 and 3 was performed on the basis of the
most recent forecast, which in fact is the one on the horizon between 1 and 6 h. The difference between
the errors of the most recent forecast and the other 11 that are available is solely affected by the accuracy
of the weather forecast considering different time horizons, and as such is constant for all different
architectures that were investigated.

Analyzing the results presented in Tables 2 and 3, it is evident that the trend of performance
of different architectures is similar for the two plants. It can be seen that the highest accuracy is
reached when adopting only two features: the forecasted solar GHI and the time vector. This can
be explained by the weak correlation between temperature and humidity to the power output of the
plant. Such machine learning algorithms need a larger amount of data to model these nonlinearities;
however, in our case, the usage of large dataset is constrained by the computational effort. Moreover,
the potential improvement brought by introducing the clear sky GHI for the specific location is highly
dependent on the weather parameters. In case of sunny days, of course those values are very close
to the actual irradiation. However, in case of cloudy and rainy days, it can be the cause of accuracy
deterioration. From the results, it can be concluded that this is such a case.

Furthermore, the optimal architecture includes the adoption of 21 days worth of data to train the
RF algorithm. In general, the performance of RF should increase when introducing larger datasets;
nevertheless, in our implementation that is not the case because the algorithm is trained using forecasted
values, so 1 day of heavily inaccurate weather forecast would corrupt the output for a larger amount
of days.

The computational effort required for the various architectures of the RF algorithm is presented in
Table 4. The values that are displayed are obtained as a mean value from the two plants, and represent the
time required, in seconds, for one execution of the algorithm for one plant, including the computational
effort required for the communication with the database.

Looking at Table 4, it can be concluded that the impact of the number of features on the total
computational effort can be considered negligible. However, the amount of training data has a clear
correlation to the computational effort, especially when adopting 28 and 35 training days. Considering
the results obtained from these sensitivity analyses, the architecture consisting of 150 trees, 21 training
days, and two features was selected as the best trade-off, and as such, is adopted in the online procedure
described in Table 1.
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4.3. Accuracy Analytics on the Architecture Adopted in the Project

In this section, some further error statistics on the adopted architecture are displayed. First, as it
was described, for each 6 h period there are 12 different power output forecasts. In any case, the grid
optimization tool will use the entire weather forecast, for the horizon between 1 and 72 h. Furthermore,
in case the weather forecast is not available, real-time BESS operation tool would be forced to use older
PV forecast. For these reasons, it is important to analyze the decrement in accuracy as the forecasting
horizon increases. The results from this analysis are presented in Figure 6, with the NRMSE metrics
already introduced in Equation (10). First, the results point to slightly lower accuracy for Plant 2
(the smaller one), something that was also noticeable from Tables 2 and 3. However, it is clear that
the trend of performance deterioration follows a very similar pattern throughout the different time
horizons. The increment in NRMSE between the first and the last time horizon observed shows to be
slightly more than 2%, a value which is very acceptable from our implementation’s point of view.
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Figure 6. NRMSE with respect to Pmax for 12 different time horizons.

However, the RMSE does not provide much insight into the error distribution. For this reason,
further analyses were performed to better understand this issue. First, a scatterplot of the absolute
relative error as a function of the production is presented on Figure 7. The production on the y-axis
is given in relative terms, with respect to Pmax, whereas the error is calculated with the equation
depicted in Equation (13).

P~ Pl
p

Looking at Equation (13) and Figure 6, first it can be seen that in general, the largest errors in
terms of pu. occur mostly during lower production hours. Of course, this is mostly due to weather
forecast overestimating the available GHI, and thus the actual production being significantly lower
than expected for given hours of the evaluated period. Looking at the difference between the two
plants, it can be seen that in the case of Plant 1, the accuracy is much more consistent, while in the case

ertye] = (13)

of Plant 2, it has a much higher variance and relatively high errors even for productions up to 0.3 pu.
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Figure 7. Absolute relative hourly error with respect to the production, as a function of the production.
(a) Results for Plant 1; (b) results for Plant 2.

The variance can also be seen looking at the boxplot of the absolute hourly error distribution,
presented on Figure 8, where the same error from Equation (13) is adopted. Mainly, it can be observed
that for the two plants, even though the mean value of the error is relatively low, it has a large variance,
with a significant large number of outliers, which in this case are values outside of 1.5 times of the
interquartile range of the error. This again points out to the significant influence of poor weather
forecast on the variance of the forecasting error. Considering the results displayed on Figure 8§,
a possible solution could be to perform more rigorous scanning of the training dataset before each
execution of the forecasting algorithm, with the goal of excluding not only corrupted data, but also
data where the forecast has proved to be very inaccurate.
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Figure 8. Boxplot of the absolute relative error for each hour of the day. (a) Results for Plant 1; (b) results

for Plant 2.

All the results that were displayed so far have showed only the absolute value of the error.
However, considering our implementation, it can be useful to understand if the sign of the error has
a bias. Furthermore, it cannot be expected from the DSO to perform grid reconfiguration multiple
times in a day, so the error of the total daily energy forecasted is an interesting metric to be considered.
Thus, Figure 9 displays the probability density function (PDF) of the error in the daily energy forecast.



Energies 2020, 13, 5330 18 of 21

The error is represented in a relative manner, with respect to the total energy actually produced,
obtained with the equation presented in Equation (14).

E-E|

. (14)

ertgay =

where E is the total energy produced and E is the total energy forecasted for the day.
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Figure 9. PDF of the daily energy relative forecast error, with respect to the energy produced.

Looking at Figure 9, it can be seen that both plants show bias toward the negative error values,
whereas the error depicted by Plant 2 is significantly more biased. In our case, the fact that Plant 2 is
relatively small leads to a smaller impact on the grid optimization algorithm, thus reducing the issue
caused by this negative bias. These negative values actually suggest that in the most cases, the forecast
overestimates the actual production, however these errors are not very significant. On the other hand,
when the forecast underestimates the production, it does so with a higher error.

5. Conclusions

The work presented in this paper described an approach for the selection and implementation of
a PV forecasting tool in a real-life scenario. Using an historic dataset with the same characteristics as
the data available for the online approach, multiple statistical forecasting techniques were investigated,
having found the random forest to be the best trade off. The procedure adopted by the online software
module in charge of performing the online forecast was detailed. Two power plants within the
InteGRIDy project, with fairly diverse rated powers, were used to validate the results. Throughout the
analysis, it was found that even though the smaller plant showed slightly lower accuracy, the error
metrics were following a very similar trend. Furthermore, it was found that the difference in the
accuracy, considering NRMSE, of the forecast when considering different time horizons is very
acceptable, mainly slightly above 2% when comparing the 6 h with the 72 h horizon. The accuracy was
found to deteriorate almost linearly with increasing the time horizon, something that was expected as
a result of the deterioration of the accuracy of the weather forecast. Furthermore, the error showed to
be with significant variance, having a large number of statistical outliers. Finally, it was found that the
forecasting procedure has a slight bias towards overestimating production, however, the amplitude of
the error is lower, compared to the smaller amount of cases when the production is underestimated.
Of course, this could be also influenced by the weather forecast itself. Considering the impact of the
weather forecast on the accuracy of the forecasting procedure, a possible next step could be to perform
more rigorous scanning of the training dataset before each execution of the forecasting algorithm,
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with the goal of excluding not only corrupted data, but also data where the forecast proved to be
significantly inaccurate.
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