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2. INTRODUCTION 
This report is a Deliverable of the research project DiGriFlex (Real-Time Distribution Grid Control and 

Flexibility Provision under Uncertainties) and is related to the activities carried out in the framework of the work 

package WP2: “Development of appropriate day-ahead and real-time forecasting systems for renewable generation 

and loads”. Particularly, the report refers to the activities developed as a result of Task 2.4 (Refinement and 

revisiting of the day ahead and real-time forecasting system with respect to the requirements of the optimization 

framework (WP2) and validation results (WP4))1. 

The activities included:  

- the refinement and revisiting of the forecasting systems developed in Tasks 2.2 and 2.3. More 

specifically, the Bayesan Bootstrap Quantile Regression forecasting system has been adapted to suit 

the requirements related to the forecast lead time and time resolution, the limitations imposed on 

the computational time, to the limitations on the availability of input data. 

- the integration of the forecasting systems, developed in MATLAB and R numerical environments, 

with the real-time acquisition measurement systems (working in LabVIEW environment) and with 

the two-level grid optimization model solver (developed in Python environment); 

- the development of a forecasting system to predict also the maximum PV power that can be 

produced by a controlled PV system; note that this involves the prediction of the global solar 

irradiance, which is the weather variable that can be directly linked to the maximum producible PV 

power; 

- the modification of the forecast lead times, in order to allow the real-time implementation of the 

forecast generation maintaining a sufficient margin to run the optimization model solver. In 

particular, the day-ahead forecasting systems were rearranged in order to be run at 18:00 of the day 

D-1, to generate the forecasts of the target variable for all the 144 ten-minute sub-intervals of the 

day D; 

- the study for the selection of a single type of forecasting system to predict maximum PV power and 

load, in order to reduce the overall computational burden of the two-level grid optimization model 

solver;  

 
1 Attività AR 2.4 del Capitolato tecnico: Rifinitura e rivisitazione dei sistemi di previsione in riferimento ai feedback forniti dal sistema di 
ottimizzazione a due livelli ed ai risultati della fase di validazione 
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- the application of Bayesian bootstrap methodologies on underlying linear quantile regression 

models to obtain predictive quantiles of the maximum PV power and of the load active and reactive 

power for the day ahead predictions and a deterministic value (i.e., the conditional mean of the 

predictive distribution) of the maximum PV power and of the load active and reactive power in the 

case of the real-time forecast. 

- the application of the developed forecasting systems to actual time series for day-ahead and real-

time forecasting of the maximum PV power and the load (active and reactive power). 

In the following Sections, the data used in the experiments, the benchmarks and the error indices for the 

performance evaluation are briefly presented, first. Then, the results of day-ahead and real-time maximum PV 

power forecasting are reported, based on the solar irradiance measurements taken by a dedicated weather station 

installed at the same location of the test distribution grid of the ReIne laboratory. Finally, the results of day-ahead 

and real-time load forecasting, in terms of active and reactive power are shown, based on the load data (active and 

reactive powers) collected at a college building in the same campus at which the ReIne laboratory is located.  

 

 

3. OBJECTIVES 
As described in the DiGriFlex project, the objective of the WP2 “Development of appropriate day-ahead and 

real-time forecasting systems for renewable generation and loads” is the development of an appropriate forecasting 

system for the prediction of uncertain parameters that suits two different scenarios: the day-ahead and the real-

time forecasting. In the considered period the forecasting systems of renewable generation and loads were 

improved and refined, for the considered time horizons, to address the different needs in both scenarios. In order 

to cope with these different needs, the selected forecasting systems were based on non-parametric quantile 

regression methods, which proved to be flexible and versatile tools for PV power forecasting and load forecasting. 

The proposed methodologies were implemented in numerical environments for their application, including real 

measured data from the new fully configurable test distribution network at the HEIG-VD ReIne laboratory.  

The activities of WP2 developed by the University of Naples Parthenope and the University of Naples Federico 

II, in the last period of the project, allowed reaching the objectives expected in Task 2.4 of the DiGriFlex project. 

The activities are related also to the definition of optimization requirements and the revisiting and refinement of 

the optimization tools. 
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In the work package WP2, the development of appropriate day-ahead and real-time forecasting systems for 

renewable generation and loads is carried out. In particular, it is focused on the forecasting systems of renewable 

generation and loads developed for different time horizons.  

-   

4. RECALLS ON THE THEORETICAL BACKGROUND OF THE 

FORECASTING METHODOLOGY 
The proposed forecasting system is based on Bayesian Bootstrap Quantile Regression (BBQR). It is presented in 

this deliverable to predict the generic target variable 𝑦𝑦 (e.g., the maximum PV power that can be produced by a 

controlled PV system or the power required by a load).  

The structure of the proposed forecasting system is illustrated in Figure 4.1. The inputs of the forecasting 

system are the historical values 𝒀𝒀 of the target variable and historical values 𝑬𝑬𝑬𝑬 of exogenous variables.  

The proposed forecasting system consists of three stages. 

The first stage is model selection, i.e., the selection of the most informative predictors among the available pool 

of predictors. This is performed by evaluating the performance of multiple Quantile Regression (QR) models 

having different combinations of predictors, and by picking the model which returns the smallest error. Inputs are 

therefore pooled in order to form predictor data 𝑿𝑿 (i.e., independent variables in the QR model) which are 

informative for the target variable (i.e., the dependent variable in the QR model). Data are then partitioned into 

training datasets 𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡 and 𝑿𝑿𝑡𝑡𝑡𝑡𝑡𝑡 (a 1 × 𝑇𝑇 vector and a 𝑇𝑇 × 𝑀𝑀 matrix, respectively), and into validation datasets 𝒀𝒀𝑣𝑣𝑣𝑣𝑣𝑣 

and 𝑿𝑿𝑣𝑣𝑣𝑣𝑣𝑣  (a 1 × 𝑉𝑉 vector and a 𝑉𝑉 × 𝑀𝑀 matrix, respectively). 
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Fig. 4.1. Schematic procedure of the BBQR forecasting system.  

 

Training data thus contains 𝑇𝑇 occurrences which are used only to train models, whereas validation data 

contains 𝑉𝑉 occurrences for model selection to develop and refine the forecasting system. 𝑀𝑀 is the number of 

predictors contemplated in the generic QR model, which therefore has 𝑀𝑀 + 1 parameters.  

Multiple QR models are trained, and predictions for the validation period are issued with each model. Since 

predictions are given in terms of predictive quantiles, the Pinball Score (PS) is considered in order to select the best 

model. In particular, the QR model returning the smallest PS for the validation period is considered as the most 

skilled and is selected as the underlying QR model for the remainder of the system. For notation, the underlying 

QR model selected in this first stage of the system has 𝑀𝑀∗ predictors and 𝑀𝑀∗ + 1 parameters. 

The second stage consists of applying Bayesian bootstrapping over the selected underlying QR model, in order 

to estimate the posterior distribution of the parameters of the QR model. Specifically, the Bayesian bootstrap 

returns 𝑅𝑅 samples extracted from each of the 𝑀𝑀∗ + 1 posterior distributions of the 𝑀𝑀∗ + 1 parameters of the QR 

model. As will be shown later, these samples are extracted from a multivariate Dirichlet distribution. A Monte 

Carlo sampling method then extracts 𝑅𝑅 samples (𝒚𝒚�ℎ
〈𝛼𝛼𝑞𝑞〉) of predictive 𝛼𝛼𝑞𝑞-quantiles of the target variable for the 

target horizon ℎ.  
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The third and last stage consists of extracting a single value 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉∗ from the 𝑅𝑅 samples of predictive quantiles for 

each coverage, in order to generate the prediction of the target variable for the target horizon. A procedure 

dedicated to this purpose, based on the optimization of the sample 𝜏𝜏𝑞𝑞-quantile of 𝒚𝒚�ℎ
〈𝛼𝛼𝑞𝑞〉, is developed and presented 

here. The entire predictive distribution of the final probabilistic forecasts can be obtained by iteration for several, 

different coverages of the predictive quantiles.  

The models and the stages of the forecasting system are recalled below.  

 

1) Quantile regression modeling 

A Quantile Regression (QR) model links the target variable (i.e., the predictive 𝛼𝛼𝑞𝑞-quantile 𝑃𝑃�ℎ
〈𝛼𝛼𝑞𝑞〉 at the target 

time horizon ℎ) to predictors 𝒙𝒙ℎ = {𝑥𝑥1ℎ , … , 𝑥𝑥𝑀𝑀ℎ} related to the time horizon ℎ but available at the forecast origin 

ℎ − 𝑘𝑘. The forecast lead time is indicated by 𝑘𝑘. This Deliverable focuses on a ten-minute time resolution, although 

the proposal can also be applied to other short-term frameworks. In order to lighten the notation, no reference to 

the forecast lead time 𝑘𝑘 is reported in the symbols below, although the mathematical formulation is related to a 

specific lead time 𝑘𝑘. 

The link imposed by the generic QR model for the 𝛼𝛼𝑞𝑞-quantile is: 

 

𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + ∑ 𝛽̂𝛽𝑚𝑚
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑥𝑥𝑚𝑚ℎ

𝑀𝑀
𝑚𝑚=1 ,              (4.1) 

 

where 𝜷𝜷�〈𝛼𝛼𝑞𝑞〉 = �𝛽̂𝛽0
〈𝛼𝛼𝑞𝑞〉, … , 𝛽̂𝛽𝑀𝑀

〈𝛼𝛼𝑞𝑞〉� are the 𝑀𝑀 + 1 estimated values of model parameters 𝜷𝜷〈𝛼𝛼𝑞𝑞〉 = �𝛽𝛽0
〈𝛼𝛼𝑞𝑞〉, … ,𝛽𝛽𝑀𝑀

〈𝛼𝛼𝑞𝑞〉�. Note 

that (4.1) is linear with the parameters, although some predictors can be obtained as multiplicative terms between 

two or more variables (this allows the introduction of interaction effects among variables). 

Parameters are estimated in the training step by minimizing an error score on known data (i.e., supervised 

training). The PS fits this purpose well, since it can be applied directly on predictive quantiles and, for this reason, 

it is applied to evaluate the accuracy of probabilistic forecasts. The minimization problem is: 

 

𝜷𝜷�〈𝛼𝛼𝑞𝑞〉 = argmin
𝜷𝜷〈𝛼𝛼𝑞𝑞〉

𝑃𝑃𝑃𝑃 �𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡,𝒀𝒀�𝑡𝑡𝑡𝑡𝑡𝑡
〈𝛼𝛼𝑞𝑞〉�,              (4.2) 

where 𝑃𝑃𝑃𝑃 �𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡,𝒀𝒀�𝑡𝑡𝑡𝑡𝑡𝑡
〈𝛼𝛼𝑞𝑞〉� is the PS of the 𝑇𝑇 forecasts 𝒀𝒀�𝑡𝑡𝑡𝑡𝑡𝑡

〈𝛼𝛼𝑞𝑞〉 issued for the training period of length 𝑇𝑇, calculated with 

respect to the actual occurrences of the target variable in the training set 𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡 = {𝑦𝑦𝑡𝑡1 , … , 𝑦𝑦𝑡𝑡𝑇𝑇}.  
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Although it is not directly explained in (4.2), the forecasts 𝒀𝒀�𝑡𝑡𝑡𝑡𝑡𝑡
〈𝛼𝛼𝑞𝑞〉 are obtained from (4.1), and thus they are 

functions of 𝜷𝜷〈𝛼𝛼𝑞𝑞〉 and are dependent on the 𝑇𝑇 × 𝑀𝑀 matrix 𝑿𝑿𝑡𝑡𝑡𝑡𝑡𝑡 which contains the corresponding predictors for 

the training period. It is: 

 

𝒀𝒀�𝑡𝑡𝑡𝑡𝑡𝑡
〈𝛼𝛼𝑞𝑞〉 = 𝒇𝒇𝑄𝑄𝑄𝑄�𝜷𝜷〈𝛼𝛼𝑞𝑞〉|𝑿𝑿𝑡𝑡𝑡𝑡𝑡𝑡�,                 (4.3) 

 

and therefore (4.2) can be rewritten in compact form as: 

 

𝜷𝜷�〈𝛼𝛼𝑞𝑞〉 = 𝑮𝑮(𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡,𝑿𝑿𝑡𝑡𝑡𝑡𝑡𝑡),                  (4.4) 

 

where 𝑮𝑮(∙) is a function obtained by combining (4.2) and (4.3). 

 

2) First stage: Model selection 

In the first stage of the proposed forecasting system, the optimal model is selected among a pool of candidates, 

which differ in the predictors used to generate the predictions. Exogenous data in 𝑬𝑬𝑬𝑬 and lagged target variable 

manipulated from 𝒀𝒀, together with their coupled interactions, form the pool of candidate predictors. A hypothesis 

is added to reduce the search dimension for the optimal model: if a coupled interaction is a predictor of the model, 

the two individual variables are forced to occur in the model.  

The underlying QR model selected under this hypothesis is the one which minimizes the PS across different 

quantile coverages, i.e., the same optimal combination of 𝑀𝑀∗ predictors is selected for all the considered quantile 

coverages. To avoid overfitting, the minimum PS is evaluated on the validation dataset 𝒀𝒀𝑣𝑣𝑣𝑣𝑣𝑣 = {𝑦𝑦𝑣𝑣1 , … , 𝑦𝑦𝑣𝑣𝑉𝑉}, which 

is not used for training the model.  

 

3) Second stage: Bayesian bootstrap quantile regression 

Like traditional bootstrapping techniques, the Bayesian bootstrap can improve the probabilistic forecasts by 

using resampled data with replacement, which allows for differentiating the output predictions. The Bayesian 

bootstrap is specifically applied to the underlying QR model selected in the previous stage, in order to evaluate the 

posterior distribution of the 𝑀𝑀∗ + 1 parameters. As shown in the remainder of this subsection, BBQR consists of 

extracting weights from a Dirichlet distribution 𝑅𝑅 times (once for each bootstrap replicate), building 𝑅𝑅 multinomial 

distributions using the occurrences and the weights, sampling with replacement from these 𝑅𝑅 distributions and 

calculating 𝜷𝜷�〈𝛼𝛼𝑞𝑞〉 from (4.2)-(4.4) on the bootstrapped data. Therefore, the posterior distribution of the QR model 
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parameters is given by 𝑅𝑅 samples 𝜷𝜷�1
〈𝛼𝛼𝑞𝑞〉, … ,𝜷𝜷�𝑀𝑀∗+1

〈𝛼𝛼𝑞𝑞〉  for each parameter, and from these samples it is eventually 

obtains the bagged samples 𝒀𝒀�ℎ
〈𝛼𝛼𝑞𝑞〉 of the target variable. 

To facilitate the presentation of the BBQR formulation, a brief recap on traditional bootstrapping is provided. 

The 𝑇𝑇 × (𝑀𝑀∗ + 1) occurrence matrix 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡 = [𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡′    𝑿𝑿𝑡𝑡𝑡𝑡𝑡𝑡] is initially obtained from the transposed training set 

𝒀𝒀𝑡𝑡𝑡𝑡𝑡𝑡′  and the corresponding 𝑇𝑇 × 𝑀𝑀∗ matrix 𝑿𝑿𝑡𝑡𝑡𝑡𝑡𝑡. The 𝑛𝑛th row vector 𝒛𝒛𝑡𝑡𝑛𝑛 = {𝑦𝑦𝑡𝑡𝑛𝑛, 𝑥𝑥1𝑡𝑡𝑛𝑛 , … , 𝑥𝑥𝑀𝑀𝑡𝑡𝑛𝑛
∗ }, taken from the 

occurrence matrix 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡, contains the target variable and the predictors at the time step 𝑡𝑡𝑛𝑛. It may be viewed as an 

item coming from some generic, unknown multinomial distribution 𝐹𝐹(𝒛𝒛), with 𝑇𝑇 available realizations (i.e., past 

occurrences) 𝒛𝒛𝑡𝑡1 , … , 𝒛𝒛𝑡𝑡𝑇𝑇.  

 As shown earlier, the estimated parameters 𝜷𝜷�〈𝛼𝛼𝑞𝑞〉 of the QR model come from (4.4), and therefore they can be 

viewed as a function of 𝑮𝑮[𝐹𝐹(𝒛𝒛)]: 

 

𝜷𝜷�〈𝛼𝛼𝑞𝑞〉 = 𝑮𝑮[𝐹𝐹(𝒛𝒛)].                     (4.5) 

 

In bootstrap (either traditional or Bayesian), the unknown distribution 𝐹𝐹(𝒛𝒛) is searched for among distributions 

of the type 𝐹𝐹𝑇𝑇(𝒛𝒛): 

 

𝐹𝐹𝑇𝑇(𝒛𝒛) = ∑ 𝜔𝜔𝑡𝑡𝑛𝑛 ∙ 𝛿𝛿𝒛𝒛𝑡𝑡𝑛𝑛
𝑇𝑇
𝑛𝑛=1 ,                  (4.6) 

 

where 𝛿𝛿𝒛𝒛𝑡𝑡𝑛𝑛  is a degenerate probability measure for the 𝑛𝑛th vector 𝒛𝒛𝑡𝑡𝑛𝑛 of occurrences, and 𝜔𝜔𝑡𝑡𝑛𝑛 is an assigned weight. 

For consistency, the weights must satisfy the following conditions: 

 

 ∑ 𝜔𝜔𝑡𝑡𝑛𝑛
𝑇𝑇
𝑛𝑛=1 = 1,  𝜔𝜔𝑡𝑡𝑛𝑛 ≥ 0 ∀𝑛𝑛 = 1, … ,𝑇𝑇.           (4.7) 

 

In a traditional bootstrap, the function 𝑮𝑮[𝐹𝐹(𝒛𝒛)] is estimated upon 𝑅𝑅 distributions 𝐹𝐹𝑇𝑇
〈1〉(𝒛𝒛), … ,𝐹𝐹𝑇𝑇

〈𝑅𝑅〉(𝒛𝒛). With 

reference to the generic 𝑟𝑟th replicate, the functional 𝑮𝑮�𝐹𝐹𝑇𝑇
〈𝑟𝑟〉(𝒛𝒛)� is calculated using the weights 𝝎𝝎〈𝑟𝑟〉 =

{𝜔𝜔𝑡𝑡1
〈𝑟𝑟〉, … ,𝜔𝜔𝑡𝑡𝑇𝑇

〈𝑟𝑟〉}, that are obtained by a random extraction from the multinomial distribution: 

 

𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀(𝑇𝑇; 1/𝑇𝑇, 1/𝑇𝑇, … ,1/𝑇𝑇).                 (4.8)  

 

and normalizing by 𝑇𝑇.  
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The Bayesian bootstrap differs from the traditional bootstrap since the bootstrapped weights 𝜔𝜔𝑡𝑡1
〈𝑟𝑟〉, … ,𝜔𝜔𝑡𝑡𝑇𝑇

〈𝑟𝑟〉 are 

not obtained by random extraction from distribution (4.8). Instead, the vector 𝝎𝝎 = {𝜔𝜔𝑡𝑡1 , … ,𝜔𝜔𝑡𝑡𝑇𝑇} is the object of 

Bayesian analysis, which aims at evaluating a posterior distribution 𝑝𝑝(𝝎𝝎|𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡) of this vector of weights, given 

occurrence data 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡. A prior distribution 𝑝𝑝(𝝎𝝎) should be imposed upon the parameters 𝝎𝝎 to start the Bayesian 

inference. A convenient choice is to select a Dirichlet distribution, which is a conjugate prior for the multinomial 

distribution of 𝒛𝒛. In such a case, the posterior distribution 𝑝𝑝(𝝎𝝎|𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡) is itself a Dirichlet distribution, 

𝑓𝑓𝐷𝐷𝐷𝐷𝐷𝐷(1, … ,1; 1, … ,1). This allows applying a Monte Carlo sampling method to get the Bayesian bootstrapped samples 

𝜷𝜷�1
〈𝛼𝛼𝑞𝑞〉, … ,𝜷𝜷�𝑀𝑀∗+1

〈𝛼𝛼𝑞𝑞〉  of the 𝑀𝑀∗ + 1 estimated parameters of the QR model. The steps are: 

i) 𝑅𝑅 multivariate samples 𝝎𝝎〈1〉, … ,𝝎𝝎〈𝑅𝑅〉 are independently extracted from the Dirichlet distribution 

𝑓𝑓𝐷𝐷𝐷𝐷𝐷𝐷(1, … ,1; 1, … ,1); 

ii) 𝑮𝑮�𝐹𝐹𝑇𝑇
〈1〉(𝒛𝒛)�, … ,𝑮𝑮�𝐹𝐹𝑇𝑇

〈𝑅𝑅〉(𝒛𝒛)� are calculated applying (4.2)-(4.4); 

iii) 𝑅𝑅 Bayesian bootstrapped samples 𝜷𝜷�1
〈𝛼𝛼𝑞𝑞〉, … ,𝜷𝜷�𝑀𝑀∗+1

〈𝛼𝛼𝑞𝑞〉  for each of the 𝑀𝑀∗ + 1 parameters of the QR model are 

obtained using (4.5). From these samples, it obtains 𝑅𝑅 samples of the predictive 𝛼𝛼𝑞𝑞-quantile 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉 of the target 

variable by applying (4.1). The set of these samples is indicated with 𝒚𝒚�ℎ
〈𝛼𝛼𝑞𝑞〉. 

 

4) Third stage: Extraction of a single value from the Bayesian bootstrapped predictive samples 

The 𝑅𝑅 samples 𝒚𝒚�ℎ
〈𝛼𝛼𝑞𝑞〉 of the predictive 𝛼𝛼𝑞𝑞-quantile of the target variable can be interpreted as probabilistic 

predictions for the predictive quantile. Sample quantiles and confidence intervals of the predictive 𝛼𝛼𝑞𝑞-quantile can 

therefore be estimated from 𝒚𝒚�ℎ
〈𝛼𝛼𝑞𝑞〉. Since it will be of use later, the generic sample 𝜏𝜏𝑞𝑞-quantile estimated from 𝒚𝒚�ℎ

〈𝛼𝛼𝑞𝑞〉 

is denoted by 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉〈𝜏𝜏𝑞𝑞〉.  

Probabilistic forecasts are usually given in terms of predictive distribution or a set of predictive quantiles at 

different coverage levels, and the redundancy given by multiple samples for each quantile level can lead to 

misinterpretation of the results in practical utilization of forecasts. A dedicated procedure is developed in this 

research activity to reduce the redundancy of the forecasts by extracting a single value from the samples of the 

predictive 𝛼𝛼𝑞𝑞-quantile. This single value is treated as the final predictive 𝛼𝛼𝑞𝑞-quantile 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉∗ of the target variable 

returned by BBQR. The procedure effectively exploits the information contained in the available 𝑅𝑅 samples, in 

order to further improve the final probabilistic forecasts.  

The single value 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉∗ is the sample quantile extracted from 𝒚𝒚�ℎ

〈𝛼𝛼𝑞𝑞〉 as: 
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𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉∗ = 𝑦𝑦�ℎ

〈𝛼𝛼𝑞𝑞〉〈𝜏𝜏𝑞𝑞∗ 〉,                    (4.9) 

 

where the specific coverage 𝜏𝜏𝑞𝑞∗  of this sample quantile is the object of an optimization problem aimed at 

minimizing the PS of the final forecasts calculated on the validation set 𝒀𝒀𝑣𝑣𝑣𝑣𝑣𝑣, i.e.: 

 

𝜏𝜏𝑞𝑞∗ = argmin
𝜏𝜏𝑞𝑞

𝑃𝑃𝑃𝑃 �𝒀𝒀𝑣𝑣𝑣𝑣𝑣𝑣 ,𝒀𝒀�𝑣𝑣𝑣𝑣𝑣𝑣
〈𝛼𝛼𝑞𝑞〉〈𝜏𝜏𝑞𝑞〉�.            (4.10) 

 

Note that this procedure is made independent for each quantile coverage 𝛼𝛼1,𝛼𝛼2,𝛼𝛼3, …, for simplicity. Therefore, 

possible quantile crossing in the final forecasts is corrected by post-processing the results with simple sorting in 

ascending order across the nominal coverages. 

 

5. RESULTS OF ACTIVITIES FOR TASK 2.4 
The Task 2.4 of the DiGriFlex project focuses on the refinement and the revisiting of the forecasting systems 

developed in the Tasks 2.2 and 2.3, based on the feedbacks provided by the developers of the optimization system 

that constitutes the core of the project, and on the report of the results of the validation stage. 

 

5.1. REFINEMENT AND REVISITING OF THE FORECASTING 

SYSTEMS  
With reference to the refinement and the revisiting of the forecasting systems developed in the Tasks 2.2 and 

2.3, the BBQR forecasting system has been adapted to suit the requirements related to the forecast lead time and 

time resolution, to the limitations imposed on the computational time, to the limitations on the availability of 

input data.  

In particular, a ten-minute time resolution is considered in the optimization stage, so all the forecasts must refer 

to the value of the target variable during a ten-minute time interval. In the remainder of the text, the term 

“interval” will refer to a ten-minute interval. In the day-ahead forecasting system to be implemented for the 

scheduling management procedure, the forecasts must be issued at 18:00 of a day for all the 144 intervals of the 

next day, with lead times 𝑘𝑘 ranging from 37 to 180. In the real-time forecasting system to be implemented for the 
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real-time management procedure, the forecasts must be issued for the next interval but one (e.g., a forecast is 

issued at 16:30 for the interval 16:40÷16:50), thus with lead time 𝑘𝑘 = 2. 

Some limitations are imposed on the computational time in order to ensure that the forecasts are available and 

ready at the forecast origin. This problem is particularly important in the real-time forecasting problem, as there is 

only a ten-minute window to run and complete the codes that give the prediction. To comply with this problem, 

the number of bootstrap samples 𝑅𝑅 is kept low (i.e., searched in the 10÷500 interval) in the real-time forecasting 

framework.  

Eventually, another limitation is imposed by the unavailability of some data. In particular, it is not possible to 

dynamically retrieve Numeric Weather Predictions (NWPs) from external providers. Therefore, NWPs are not 

included as candidate predictors in the considered forecasting systems. 

 

 

5.2. RESULTS OF THE VALIDATION STAGE: BACKGROUND  
With reference to the report of the results of the validation stage, this Deliverable presents some numerical 

experiments for day-ahead and real-time forecasting of the maximum PV power and of the load (active and 

reactive power). All the forecasts are developed in the R environment, exploiting the packages quantreg  and 

bayesboot.  

The data used in the experiments, the benchmarks and the error indices for the performance evaluation are 

briefly presented in this sub-Section. 

 

1) Data 

Three datasets are used for the activities presented in this Deliverable. These datasets are related to the target 

variables (maximum PV power, load active power, load reactive power) and to the external variables (i.e., weather 

data) that are used as additional inputs of the forecasting systems. 

Dataset_SI1: this dataset includes solar irradiance measurements taken by a dedicated weather station installed 

at the same location of the test distribution grid of the ReIne laboratory. The data has been continuously collected 

since August 24, 2019, with a one-minute time resolution. Data are eventually averaged to get a ten-minute time 

resolution. The solar irradiance data taken from this dataset are used as target data for the validation of the 

maximum PV power forecasting system. 
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Dataset_college_load: this dataset includes load data (active and reactive powers) collected at a college building 

in the same campus at which the ReIne laboratory is located. The building is open to the public (academic staff, 

students) during weekdays (Monday-Friday), and it is closed on Saturdays, Sundays and holidays. Energy meters 

collect the aggregate electrical data at fifteen-minute time resolution; the data have eventually been rescaled to 

ten-minute time resolution. These data are used for the validation of the load forecasting system. 

Dataset_weath_PV: a dedicated weather station is installed at the location of the test distribution grid of the 

ReIne laboratory. This station collected weather data at the same time resolution and for the same time periods of 

the data in Dataset_SI1, allowing their usage as exogenous variables for the maximum PV power forecasting 

system. 

 

2) Benchmark 

Two naïve benchmarks are considered as unbiased references for comparative purposes.  

The Persistence Model (PM) is based on the invariance hypothesis of the target variable throughout the forecast 

lead time 𝑘𝑘. In practice, the PM prediction of the target variable 𝑦𝑦 at the horizon ℎ is equal to the last observed 

value; the PM deterministic prediction is: 

 

𝑦𝑦�ℎ = 𝑦𝑦ℎ−𝑘𝑘,                      (5.2.1) 

 

whereas the PM probabilistic prediction in terms of 𝛼𝛼𝑞𝑞-quantile is: 

 

𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝑦𝑦ℎ−𝑘𝑘.                      (5.2.2) 

 

The structure of the PM benchmark is inherently more indicated to be used for comparison in the real-time 

forecasting framework, as its error grows as the lead time increases. 

The Seasonal Persistence Model (SPM) is based on the underlying periodicity that some target variables can 

show. For example, a PV power pattern is driven by the rotation of the Earth around its own axis and therefore 

shows a daily periodicity. Since this deliverable focuses on the validation of a maximum PV power forecasting 

system and of a load forecasting system, the considered periodicity is one day in both cases. In practice, the SPM 

prediction of the target variable 𝑦𝑦 at the horizon ℎ is equal to the last observed value in a homologous interval. 

Given the ten-minute resolution and the lead times of the presented forecasting framework, the deterministic SPM 

prediction is: 
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𝑦𝑦�ℎ = �𝑃𝑃ℎ−144   if 𝑘𝑘 ≤ 144
𝑃𝑃ℎ−288   if 𝑘𝑘 > 144                    (5.2.3) 

 

whereas the SPM probabilistic prediction in terms of 𝛼𝛼𝑞𝑞-quantile is: 

 

𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉 = �𝑃𝑃ℎ−144   if 𝑘𝑘 ≤ 144

𝑃𝑃ℎ−288   if 𝑘𝑘 > 144                    (5.2.4) 

 

The structure of the SPM benchmark is indicated to be used for comparison both in the day-ahead and in the 

real-time forecasting frameworks. 

 

3) Error indices 

Several error indices are used to quantify the accuracy of the forecasts. 

The first two indices are the Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE), used to 

assess deterministic forecasts. Indicating with 𝑦𝑦ℎ the actual value of the target variable at horizon ℎ and with 𝐻𝐻 the 

total number of horizons for which forecasts are issued, the MAE and the RMSE are, respectively: 

 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝐻𝐻
∑ |𝑦𝑦ℎ − 𝑦𝑦�ℎ |𝐻𝐻
ℎ=1 ,          (5.2.5) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝐻𝐻
∑ (𝑦𝑦ℎ − 𝑦𝑦�ℎ )2𝐻𝐻
ℎ=1 .          (5.2.6) 

 

The MAE and the RMSE are negatively oriented, so smaller values indicate more accurate forecasts. 

The Normalized values of the MAE (i.e., NMAE) and of the RMSE (i.e., NRMSE) are, respectively: 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑀𝑀𝑀𝑀𝑀𝑀
𝑦𝑦�

,           (5.2.7) 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝑦𝑦�

,           (5.2.8) 

 

where the normalization term 𝑦𝑦� is a fixed value (e.g., the rated power of the installation). The NMAE and the 

NRMSE are negatively oriented, too. 

The third index is the abovementioned PS, which is a strictly proper score that simultaneously addresses the 

reliability and the sharpness of forecasts. Its formulation is: 
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𝑃𝑃𝑃𝑃ℎ �𝑦𝑦ℎ ,𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉� = �𝛼𝛼𝑞𝑞 − I �𝑦𝑦ℎ ,𝑦𝑦�ℎ

〈𝛼𝛼𝑞𝑞〉�� ∙ �𝑦𝑦ℎ − 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉�,       (5.2.9) 

 

where the indicator function I �𝑦𝑦ℎ ,𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉� is: 

 

 I �𝑦𝑦ℎ ,𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉� = �

1   if 𝑦𝑦ℎ ≤ 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉

0   if 𝑦𝑦ℎ > 𝑦𝑦�ℎ
〈𝛼𝛼𝑞𝑞〉

            (5.2.10) 

 

A comprehensive PS can be obtained averaging across multiple forecast issues (e.g., the 𝐻𝐻 forecast issues) and 

summing over the 𝑄𝑄 quantiles. The PS is negatively oriented, so a smaller PS indicates better forecasts.  

The Normalized value of the PS (i.e., NPS) is: 

 

𝑁𝑁𝑁𝑁𝑁𝑁ℎ = 𝑃𝑃𝑃𝑃ℎ
𝑦𝑦�

,            (5.2.11) 

 

where the normalization term 𝑦𝑦� is a fixed value (e.g., the rated power of the installation). The NPS is negatively 

oriented, too. 

The fourth index is the Average Absolute Coverage Error (AACE), and it addresses the reliability of the 

forecasts, i.e., the correspondence between the estimate and the nominal coverages of the predictive quantiles. 

Because of its intrinsic properties, it can only be formulated for multiple forecast issues. It is calculated from the 

estimated 𝛼𝛼𝑞𝑞-coverage 𝛼𝛼�𝑞𝑞, that is: 

 

𝛼𝛼�𝑞𝑞 = 1
𝐻𝐻
∙ ∑ I �𝑦𝑦ℎ ,𝑦𝑦�ℎ

〈𝛼𝛼𝑞𝑞〉�𝐻𝐻
ℎ=1 ,                 (5.2.12) 

 

and the Absolute Coverage Error (ACE) on the nominal 𝛼𝛼𝑞𝑞-quantile is: 

 

𝐴𝐴𝐴𝐴𝐴𝐴〈𝛼𝛼𝑞𝑞〉 = �𝛼𝛼𝑞𝑞 − 𝛼𝛼�𝑞𝑞�.                      (5.2.13) 

 

The AACE across 𝑁𝑁𝑞𝑞 coverages can be obtained as a percentage value (𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴%) as: 
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𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% = 100
𝑁𝑁𝑞𝑞

∙ ∑ 𝐴𝐴𝐴𝐴𝐴𝐴〈𝛼𝛼𝑞𝑞〉𝑁𝑁𝑞𝑞
𝑞𝑞=1 .               (5.2.14) 

 

The 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% is negatively oriented, so a smaller AACE indicates more reliable forecasts. 

 

5.3. RESULTS OF THE VALIDATION STAGE: DAY-AHEAD 

MAXIMUM PV POWER FORECASTING  
This sub-Section presents the results of day-ahead maximum PV power forecasting, based on the Dataset_SI1 

and on the Dataset_weath_PV. In particular, the forecasting system is set to provide predictive quantiles, at 

nominal coverages 𝛼𝛼1,𝛼𝛼2,𝛼𝛼3 = 0.2, 0.5, 0.8, of the maximum PV power 𝑃𝑃. As stated above, the forecasts are issued 

at 18:00 of a day for all the 144 intervals of the next day, and no NWP is included as candidate predictor.  

The selected underlying model of the BBQR forecasting system is either: 

 

𝑃𝑃�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑎𝑎𝑎𝑎ℎ−144 + 𝛽̂𝛽2

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑝𝑝𝑝𝑝ℎ−144 + 𝛽̂𝛽3
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 +  

              +𝛽̂𝛽4
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑎𝑎𝑎𝑎���𝐷𝐷1ℎ + 𝛽̂𝛽5

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑝𝑝𝑝𝑝���𝐷𝐷1ℎ + 𝛽̂𝛽6
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃�𝐷𝐷1ℎ + 𝛽̂𝛽7

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 ∙ 𝑃𝑃�𝐷𝐷1ℎ,        (5.3.1) 
 

or:  
 

𝑃𝑃�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑎𝑎𝑎𝑎ℎ−288 + 𝛽̂𝛽2

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑝𝑝𝑝𝑝ℎ−288 + 𝛽̂𝛽3
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−288 +  

              +𝛽̂𝛽4
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑎𝑎𝑎𝑎���𝐷𝐷2ℎ + 𝛽̂𝛽5

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑝𝑝𝑝𝑝���𝐷𝐷2ℎ + 𝛽̂𝛽6
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃�𝐷𝐷2ℎ + 𝛽̂𝛽7

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−288 ∙ 𝑃𝑃�𝐷𝐷2ℎ,        (5.3.2) 
 

where: 
- 𝑎𝑎𝑎𝑎ℎ and 𝑝𝑝𝑝𝑝ℎ are the ambient temperature and the air pressure at time ℎ; 
- 𝑎𝑎𝑎𝑎���𝐷𝐷, 𝑝𝑝𝑝𝑝���𝐷𝐷, and 𝑃𝑃�𝐷𝐷 respectively indicate the average ambient temperature, average pressure and average 

maximum PV power recorded during the day 𝐷𝐷; 
- 𝐷𝐷1ℎ and 𝐷𝐷2ℎ respectively indicate the day before and two days before the day that includes the horizon 

interval ℎ. 
The model (5.3.1) is used to forecast the maximum PV power for the first 108 intervals of the target day, 

whereas the model (5.3.2) is used to forecast the maximum PV power for the last 36 intervals of the target day. In 

both cases, the number of predictors of the selected model is 𝑀𝑀∗ = 7.  

Table 5.3.1 shows the NPS and the 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% indices calculated for the predictive quantiles obtained through the 

BBQR and the SPM through a two-week test period (2016 forecast issues), characterized by variable and adverse 
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weather conditions. As seen, BBQR returns an NPS that is about 37% smaller than the benchmark. Figure 5.3.1 

shows the maximum PV power pattern and the forecasted values, with the 60% prediction interval extracted from 

the predictive 0.2-quantile and from the predictive 0.8-quantile, through three days of the test period. Figure 5.3.2 

shows the reliability diagram evaluated through the test period. 

 

 

Table 5.3.1 Day-ahead maximum PV power forecasting results through two weeks (2016 forecast issues)  

Method NPS [-] 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% [%] 
BBQR 0.0220 4.113 
SPM 0.0306 - 

 

 

 

 
Fig. 5.3.1. BBQR day-ahead maximum PV power predictions through three days. 
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Fig. 5.3.2. Reliability diagram of the maximum PV power predictions through two weeks. 

 

5.4. RESULTS OF THE VALIDATION STAGE: REAL-TIME 

MAXIMUM PV POWER FORECASTING  
This sub-Section presents the results of real-time maximum PV power forecasting, based on the Dataset_SI1 

and on the Dataset_weath_PV. In particular, the forecasting system is set to provide a deterministic value (i.e., the 

conditional mean of the predictive distribution) of the maximum PV power 𝑃𝑃. As stated above, the forecasts are 

issued for the next interval but one, and no NWP is included as candidate predictor.  

The selected underlying model of the BBQR forecasting system is: 

 

𝑃𝑃�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 + 𝛽̂𝛽2

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−2 + 𝛽̂𝛽3
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−3 + 𝛽̂𝛽4

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−4 +  

              +𝛽̂𝛽5
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−5 + 𝛽̂𝛽6

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−6 + 𝛽̂𝛽7
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 ∙ 𝑃𝑃ℎ−2 + 𝛽̂𝛽8

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−6 ∙ 𝑃𝑃ℎ−2.       (5.4.1) 
 
The number of predictors of the selected model is 𝑀𝑀∗ = 8.  

Table 5.4.1 shows the NMAE and the NRMSE indices calculated for the forecasts obtained through the BBQR 

and the PM through a two-week test period (2016 forecast issues), characterized by variable and adverse weather 

conditions. As seen, BBQR returns a NMAE that is about 12% smaller than the benchmark and a NRMSE that is 

about 10% smaller than the benchmark. Figure 5.4.1 shows the maximum PV power pattern and the forecasted 

values through three days of the test period. 
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Table 5.4.1 Real-time maximum PV power forecasting results through two weeks (2016 forecast issues)  

Method NMAE [-] NRMSE [-] 
BBQR 0.009 0.026 

PM 0.010 0.029 

 

 
Fig. 5.4.1. BBQR real-time maximum PV power predictions through three days. 

 

 

5.5. RESULTS OF THE VALIDATION STAGE: DAY-AHEAD 

LOAD FORECASTING  
This sub-Section presents the results of day-ahead load forecasting, in terms of active and reactive power, based 

on the Dataset_college_load. In particular, the forecasting system is set to provide predictive quantiles, at nominal 

coverages 𝛼𝛼1,𝛼𝛼2,𝛼𝛼3 = 0.1, 0.5, 0.9, of the load active power 𝑃𝑃 and of the load reactive power 𝑄𝑄. As stated above, 

the forecasts are issued at 18:00 of a day for all the 144 intervals of the next day.  

The selected underlying model of the BBQR active power forecasting system is either: 
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              +𝛽̂𝛽4
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 ∙ 𝑃𝑃ℎ−145 + 𝛽̂𝛽5

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 ∙ 𝑃𝑃ℎ−1008,          (5.5.1) 
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or:  
 

𝑃𝑃�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−288 + 𝛽̂𝛽2

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−289 + 𝛽̂𝛽3
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−1008 +  

              +𝛽̂𝛽4
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−288 ∙ 𝑃𝑃ℎ−289 + 𝛽̂𝛽5

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−288 ∙ 𝑃𝑃ℎ−1008,          (5.5.2) 
 

whereas the selected underlying model of the BBQR reactive power forecasting system is either: 

 

𝑄𝑄�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−144 + 𝛽̂𝛽2

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−145 + 𝛽̂𝛽3
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−1008 +  

              +𝛽̂𝛽4
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−144 ∙ 𝑄𝑄ℎ−145 + 𝛽̂𝛽5

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−144 ∙ 𝑄𝑄ℎ−1008,          (5.5.3) 
 

or:  
 

𝑄𝑄�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−288 + 𝛽̂𝛽2

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−289 + 𝛽̂𝛽3
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−1008 +  

              +𝛽̂𝛽4
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−288 ∙ 𝑄𝑄ℎ−289 + 𝛽̂𝛽5

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−288 ∙ 𝑄𝑄ℎ−1008,          (5.5.4) 
 

The models (5.5.1) and (5.5.3) are used to forecast the active and reactive power for the first 108 intervals of the 

target day, whereas the models (5.5.2) and (5.5.4) are used to forecast the active and reactive for the last 36 

intervals of the target day. In all cases, the number of predictors of the selected model is 𝑀𝑀∗ = 5.  

Table 5.5.1 shows the PS and the 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% indices calculated for the predictive quantiles obtained through the 

BBQR and the SPM through a two-week test period (2016 forecast issues). As seen, BBQR returns an active power 

PS that is about 48% smaller than the benchmark, and a reactive power PS that is about 46% smaller than the 

benchmark. Figure 5.5.1 shows the active power pattern versus the forecasted values (Figure 5.5.1.a) and the 

reactive power pattern versus the forecasted values (Figure 5.5.1.b), with the 80% prediction interval extracted 

from the predictive 0.1-quantile and from the predictive 0.9-quantiles, through three days of the test period. Figure 

5.5.2 shows the reliability diagram evaluated through the test period for the active power forecasts (Figure 5.5.2.a) 

and for the reactive power forecasts (Figure 5.5.2.b). 

 

Table 5.5.1 Day-ahead load active and reactive power forecasting results through two weeks (2016 forecast issues)  

Method 
Active power Reactive power 

PS [kW] 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% [%] PS [kVAr] 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴% [%] 
BBQR 4.211 3.902 0.586 5.030 
SPM 8.516 - 1.100 - 
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Fig. 5.5.1. BBQR day-ahead load active (a) and reactive (b) predictions through three days. 

 
Fig. 5.5.2. Reliability diagram of the load active (a) and reactive (b) power predictions through two weeks. 

 

5.6. RESULTS OF THE VALIDATION STAGE: REAL-TIME 

LOAD FORECASTING  
This sub-Section presents the results of real-time load forecasting, in terms of active and reactive power, based 

on the Dataset_college_load. In particular, the forecasting system is set to provide a deterministic value (i.e., the 

conditional mean of the predictive distribution) of the load active power 𝑃𝑃 and of the load reactive power 𝑄𝑄. As 

stated above, the forecasts are issued for the next interval but one.  

The selected underlying model of the BBQR active power forecasting system is: 
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              +𝛽̂𝛽5
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−5 + 𝛽̂𝛽6

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−6 + 𝛽̂𝛽7
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−144 ∙ 𝑃𝑃ℎ−2 + 𝛽̂𝛽8

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑃𝑃ℎ−6 ∙ 𝑃𝑃ℎ−2,       (5.6.1) 
 

whereas the selected underlying model of the BBQR reactive power forecasting system is: 

 

𝑄𝑄�ℎ
〈𝛼𝛼𝑞𝑞〉 = 𝛽̂𝛽0

〈𝛼𝛼𝑞𝑞〉 + 𝛽̂𝛽1
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〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−3 + 𝛽̂𝛽4

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−4 +  

              +𝛽̂𝛽5
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−5 + 𝛽̂𝛽6

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−6 + 𝛽̂𝛽7
〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−144 ∙ 𝑄𝑄ℎ−2 + 𝛽̂𝛽8

〈𝛼𝛼𝑞𝑞〉 ∙ 𝑄𝑄ℎ−6 ∙ 𝑄𝑄ℎ−2,       (5.6.2) 
 

In both cases, the number of predictors of the selected models is 𝑀𝑀∗ = 8.  

Table 5.6.1 shows the NMAE and the NRMSE indices calculated for the load active and reactive power forecasts 

obtained through the BBQR and the PM through a two-week test period (2016 forecast issues). As seen, BBQR 

returns an active power MAE that is about 4% smaller than the benchmark, an active power RMSE that is about 

6% smaller than the benchmark, a reactive power MAE that is about 21% smaller than the benchmark, and a 

reactive power RMSE that is about 29% smaller than the benchmark. Figure 5.6.1 shows the active power pattern 

versus the forecasted values (Figure 5.6.1.a) and the reactive power pattern versus the forecasted values (Figure 

5.6.1.b), through three days of the test period. 

 

Table 5.6.1 Real-time load active and reactive power forecasting results through two weeks (2016 forecast issues)  

Method 
Active power Reactive power 

MAE [kW] RMSE [kW] MAE [kVAr] RMSE [kVAr] 
BBQR 2.017 3.232 0.450 0.646 
SPM 2.103 3.427 0.567 0.908 

 

  
Fig. 5.6.1. BBQR real-time load active (a) and reactive (b) predictions through three days. 
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6. COMPARISON WITH EXPECTED RESULTS 
With reference to the Task 2.4 of the Digriflex project, the expected results at the end of the Milestone 

include: Refinement and revisiting of day ahead forecasting system and real time forecasting system with 

respect to the requirements of the optimization framework (WP2) and validation results (WP4).  

 

The activities were carried out by the University of Naples Parthenope and the University of Naples Federico II 

in strict interaction, and with the partner HEIG-VD for the acquisition of measurements available at the test 

distribution network at the ReIne laboratory. 

The activities related to these tasks allowed giving a further confirmation of the good performance of the 

proposed methods with respect to the feedback on the requirements of the optimization framework.   

The activities developed, illustrated above, allowed to fully reach the objectives expected in Task 2.4 of the 

DiGriFlex project.  

 

7. DELIVERABLES 
The deliverables of the research activities related to Task 2.4 consist of : 

- this technical document, as expected per the Technical Specifications of the DiGriFlex Project; 

- a participation with a poster presented during the 20th International Conference on Harmonics and 

Quality of Power 2022 (ICHQP 2022), Naples (Italy), 29 May – 2 June. 

- a conference paper titled Real-Time Distribution Grid Control and Flexibility Provision Under 

Uncertainties: Laboratory Demonstration, Melecon 2022, Palermo (Italy) 14-16 June 2022. 

 

8. PROFILES OF HUMAN RESOURCES 
The researchers of the University of Naples Parthenope who participated at the research activities related to 

Task 2.4 are: 

- Pierluigi Caramia, Full Professor of Power Systems 

- Antonio Bracale, Associate Professor of Power Systems 

- Pasquale De Falco, Assistant Professor of Power Systems 
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The researchers of the University of Naples Federico II who participated at the research activities related to 

Task 2.4 are: 

- Daniela Proto, Associate Professor of Power Systems 

- Fabio Mottola, Assistant Professor of Power Systems. 

 

9. DIFFUSION OF THE RESULTS 
The results of the research activities related to Task 2.4  were propaedeutic to the preparation of the following 

scientific paper: 

- Mohammad Rayati, Mokhtar Bozorg, Mauro Carpita, Pasquale De Falco, Pierluigi Caramia, Antonio 

Bracale, Daniela Proto, Fabio Mottola: Real-Time Distribution Grid Control and Flexibility Provision 

Under Uncertainties: Laboratory Demonstration, Melecon 2022, Palermo (Italy) 14-16 June 2022. 

 

Also, a poster including the activities of this and of other tasks of the project has been presented during the 20th 

International Conference on Harmonics and Quality of Power - ICHQP 2022, May 29th- June 1st 2022, Naples 

(Italy).  

 

10. CONCLUSIONS 
The research activities discussed in this document focused on the validation of day-ahead and real-time 

forecasting systems for renewable generation and loads. The forecasting systems have been developed by exploiting 

ensemble techniques within probabilistic frameworks.  

The major contributions of the research activities related to Task 2.4  can be summarized as follows: 

- Refinement and revisiting of the forecasting systems  

- Results of the validation stage, including: 

- Day-Ahead Maximum PV Power Forecasting  

- Real-Time Maximum PV Power Forecasting  

- Day-Ahead Load Forecasting  

- Real-Time Load Forecasting  

The above activities allowed fully reaching the objectives expected in Task 2.4 of the DiGriFlex project and 

providing the refined tools for the activities of WP4.  
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