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Abstract

:

With the development of micro-grids including PV production and storage, the need for efficient energy management strategies arises. One of their key components is the forecast of the energy production from very short to long term. The forecast time-step is an important parameter affecting not only its accuracy but also the optimal control time discretization, hence its efficiency and computational burden. To quantify this trade-off, four machine learning forecast models are tested on two geographical locations for time-steps varying from 2 to 60 min and horizons from 10 min to 6 h, on global irradiance horizontal and tilted when data was available. The results are similar for all the models and indicate that the error metric can be reduced up to 0.8% per minute on the time-step for forecasts below one hour and up to 1.7% per ten minutes for forecasts between one and six hours. In addition, it is shown that for short term horizons, it may be advantageous to forecast with a high resolution then average the results at the time-step needed by the energy management system.
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1. Introduction


The photovoltaic market has been growing in recent years at an increasing rate. At the end of 2019, the total installed power in the world exceeded half a million megawatts (627 GWp) with the installation of 115 GWp during 2019 [1,2].



IEA [1] and EurObser [2] estimate the PV contribution to be between 2.6% and 3% of global electricity production today. This annual theoretical penetration level varies from 0.1% for Norway to 14.8% for Honduras [1]. Figure 1 shows the theoretical PV integration rate for the main PV countries and the cumulated PV installed capacity for the top 10 [1,3]. In some countries this average penetration rate is important and can reach even higher levels on a monthly or daily basis, inducing energy management problems discussed further below.



As the share of electricity produced by PV systems increases, this intermittent and stochastic energy production needs to be fully integrated into electricity grids. The variability of the solar source makes the PV production hard to manage for the grid operator. It requires additional and complex actions to balance the system as the electricity generation must equal the electricity demand at all times [3,4,5].



These difficulties in integrating solar energy production into electrical grid have a cost. This is all the more important as the electrical grid is small and not interconnected with large ones, as is the case for islands. This over cost due to the intermittence of the solar resource is discussed and estimated in the literature: from 6.16 to 8.47 €/MWh [6] to around 10 €/MWh [7]. A review on the complexity of the intermittent renewable energy integration, its consequences on the electricity management and on the over cost has been proposed [8]. It is today generally accepted that an increase of the intermittent renewable systems should be achieved with a common development of the energy storage means, the smart electrical grid and the forecasting methods for renewable production and users consumption.



This paper is focused on the latter: forecasting is necessary to estimate the reserves, schedule the power system, avoid congestion, optimally manage the storage and trade in the electricity market [9,10]. A good forecasting tool has a positive impact on the reduction of the integration costs of PV plants, on the decrease of the average annual operating costs, on the reserve shortfalls and on the increase of the percentage reduction in curtailments of PV systems. The higher the integration level of PV systems in the electrical network is, the more important are the effects of the forecasting [8].



The energy supplier must manage his system with various temporal horizons from one second to one year and consequently needs the corresponding forecast models [11]. To help obtain the best dispatch schedule, a set of algorithms, usually gathered in an Energy Management System (EMS), uses an optimization solver to plan the power exchanges between the grid components. The most common are (Mixed Integer) Linear Programming [12,13], Dynamic Programming [14] or evolutionary algorithms [15], used in the scope of a Model Predictive Control procedure [16,17]. As they work on the future production and consumption, they are very dependent on the forecast resolutions and their error: low resolution forecasts tend to have less error due to the averaging of the data but they increase the time between optimal points. On the contrary, high resolution forecasts enable a more frequent optimization but with a greater error at each point. Furthermore, more points drastically increase the computational burden of the optimizer.



A good illustration of the necessity to have efficient forecasting models with various temporal horizons and resolutions in an Energy Management System was demonstrated during the Tilos project. The H2020 Tilos project aimed to make a small Greek island (about 500 inhabitants) autonomous for its electricity supply by maximizing the use of renewable energies. The project successfully came to an end in 2019 and the energy of the island is actually produced by a 160 kWp PV plant coupled to a 800 kW wind turbine. The system is completed by a Na-NiCl2 battery bank (800 kW–2880 kWh) and a backup diesel generator [18]. The grid EMS monitors the operation of the various components and controls the energy production and storage means according to the results provided by the forecasting platform [19].



The models developed are able to provide reliable estimations of the future load demand, wind and solar production. More specifically, some of the PV forecasting models use machine learning methods similar to the ones presented in this paper. Each parameter is estimated at different horizons to cover the entire band of dispatch scheduling (i.e., from 10 min up to 48 h ahead) with different time resolutions (i.e., 1-min, 10-min, hourly and daily). The results are fed to the EMS in order to produce the dispatch schedules: day-ahead, intra-day and short-term dispatches. Among other things, this system enabled Tilos Island to produce up to 90% of its electricity needs from renewable sources in December 2019 while aiming at a renewable energy share around 70–75% on an annual basis.



Numerous references present forecasting models using different algorithms, time-steps and horizons. For example, in [20], the authors propose a Neural Network forecasting algorithm for the hourly day-ahead consumption. The results are useful for energy trading in the day-ahead market and in a certain amount in the intra-day but the forecast lacks the resolution for optimal control of a micro-grid storage. The control algorithm will indeed be able to adapt quicker to weather variations if it has infra-hour forecasts.



Heinemann et al. [9] wrote an article where the best uses of the various forecasting methods are discussed and, more recently [21], obtained the same conclusions. Figure 2 summarizes the best usage domains for each of the main existing methods (Time series, Numerical Weather Prediction, satellite and image based methods) according to the forecasting time horizon and the temporal resolution. For example, the bottom left corner represents the high resolution and short term forecasts needed for management of the spinning reserve. The best suited algorithms use image recognition from cameras pointed at the sky to predict the cloud position and infer the future PV production.



Lauret et al. [22] compare several forecasting models in three locations with a one hour time-step and a maximum horizon of six hours. In [23], the models range from 5 to 30 min for the horizon and 5 to 10 min for the time-steps. The results obtained in these and in other publications are hardly comparable since the forecasts have been done with different input data and with unmatching time-steps and horizons. Furthermore, the error metrics used are often different and it does not help the analysis [24,25]. That is the reason why the present paper aims to compare, on the same location and with the same forecast model, the forecast error at different horizons and time-steps.



The study presented in this paper is focused on machine learning models for the future estimation of global horizontal and tilted irradiance. It intends to quantify the trade-off between the forecast resolution and the error at different horizons. The objective is to help the designer of an EMS to chose the best time-steps for the different forecast models needed.



The first section presented the need for the solar production prevision and the state of the art of the short term forecasting models with machine learning. The second section describes the input data used in the study and the methodology employed to train the forecast models, obtain a prevision and compute the error metrics. The third section presents the results obtained in five steps. First the models used and the test locations are compared. The model performances are then presented in error versus time-step graphs for the tested time parameters and are fitted by a first-order polynomial. The improvement offered by averaging the forecasted values is also discussed. Finally, with a view to use those results in a micro-grid EMS, the methodology is tested on tilted irradiance.




2. Materials and Methods


This section presents the global principles of the study. The first subsection details the test locations and the time series used. The second subsection presents the clear sky model needed to obtained stationary data. The forecast models used are then briefly described in the third subsection along with the reference models. The fourth subsection presents the different steps needed to train and use the models and the fifth explains how the error metric is computed. Finally, the methodology used to quantify the trade-off is proposed.



2.1. Input Weather Data


The datasets used in this study come from two sites with different meteorological conditions, both equipped with pyranometric sensors. The values measured are the global irradiance (horizontal for both stations and tilted for Ajaccio) for three years, at a time-step of one minute. In both cases one year has been used for training and validation while two years were used for testing. The first site is located in Corsica (France), a mountainous Mediterranean Island, near the town of Ajaccio where the George Peri Research Center is located. This station, near the sea, presents a great solar potential with a climate characterized by a warm and dry summer and a wet and mild winter. The second site is the great solar furnace of Odeillo (Pyrénées Orientales, France), located in the mountains, about 100 km from the sea. In this meteorological station, situated in altitude, the climate is rather unstable. It often presents a high nebulosity and rainfalls are still present even during the driest months.



The different conditions are characterized by the variability of the datasets [26]. The Table 1 summarizes the characteristics of the two sites and gives more information on the datasets.




2.2. Clear Sky Modeling and Index


The majority of forecast models based on machine learning needs stationary inputs [28]. According to this requirement, the irradiance time series is made stationary during the data preprocessing phase. To do so, the measured irradiance is divided by the theoretical irradiance under clear sky conditions. Several clear sky models exist in the literature [29,30]. In this paper, the SOLIS model, developed by Mueller [31], is chosen due to its excellent results in the considered locations. It is built from radiative transfer models combined with Beer Lambert function integrated on whole solar spectra and with data provided by satellites (ER-2/ENVISAT). The Global Horizontal Irradiance under Clear Sky conditions   G H  I  c s    ( t )    is defined by Equation (1).


  G H  I  c s    ( t )  =  H 0  .  e   − τ   s i  n b  .  h s   ( t )     s i n  (  h s   ( t )  )   



(1)




with    h s   ( t )    the solar elevation,   H 0   the irradiance at the top of the atmosphere,  τ  the atmospheric depth and b a fitting parameter. The last two parameters depend on the sites and their values are available on [32].



The clear sky index    K t   ( t )    used in the forecast models is assumed to be stationary enough and is defined as the ratio of the measured Global Horizontal Irradiance   G H I   to the   G H  I  c s    :


   K t   ( t )  =   G H I ( t )   G H  I  c s    ( t )     



(2)








2.3. Forecast and Reference Models


The study has been done considering four machine learning forecast models among the most used in the literature [33]. Throughout this paper, the output of the forecasting models will be marked with a    ^  .



The persistence of the weather conditions is one of the simplest forecasting models [22]. It uses the clear sky model (Section 2.2) and can be written:


    G H I  ^   ( t + ℓ )  = G H I  ( t )  .   G H  I  c s    ( t + ℓ )    G H  I  c s    ( t )    =  K t   ( t )  . G H  I  c s    ( t + ℓ )   



(3)




where     G H I  ^   ( t + ℓ )    is the forecast at the horizon ℓ, GHI(t) is the present data, GHIcs(t + ℓ) and GHIcs(t) the clear sky value at the horizon ℓ and at the instant t respectively. In this paper, this model is referred as Scaled Persistence but it can be found in the literature as Persistence or Smart Persistence. This kind of model gives good performances at very short term horizons but its accuracy decreases quickly as the horizon increases. However, due to its simplicity, this model is often used as a naive reference to compare the performance of more complex models.



Another simple and naive model, sometimes used to characterize a site, is the Climatology [34]. In this case, the clear sky irradiance at the desired horizon is multiplied by the averaged clear sky index    K t  ¯  , computed over the historical data, as presented in Equation (4) below.


    G H I  ^   ( t + ℓ )  =   K t  ¯  . G H  I  c  s      ( t + ℓ )   



(4)







To ease the reading, the machine learning models used during this study will not be described in detail here. For further information one can check the dedicated part in literature [33].



	
The first model is the Auto Regressive Moving Average (ARMA) [35,36]. It is a relatively old model developed in the 1970s using a combination of auto regressive model with a moving average model. Despite its simplicity, it offers very good performances in stationary time series analysis and is often used in numerous domains [37]. Although it is not a machine learning method, it can be assimilated as so.



	
The second model is based on artificial neural network model with the Multi Layer Perceptron (MLP) [38,39]. The chosen architecture is a MLP with one hidden layer and one output layer. The training algorithm is the Levenberg–Marquardt, which is well suited to the solar time series forecasting.



	
The third model from the regression trees family is the Random Forest (RF) model, developed by Breiman [40]. It is an ensemble model based on the aggregation of simple regression tree results in order to obtain the overall forecast [41]. The input dataset is divided in samples and each tree grows independently. This improvement by addition of randomness enables one to build more robust models and reduces the risks of over training.



	
The last model is a Support Vector Regression model (SVR). It is a kernel based method derived from the Support Vector Machine (SVM) to treat regression tasks [22,42]. The adaptation of this type of model to forecast time series gives some good results and is widely used in this research area.







2.4. Data Processing


Before being used for the training or the forecasting, the raw measurements must go through several steps to ensure the good operation of the models. The preprocessing phases are detailed below:




	
Quality check: the measured data is verified to make sure it is usable. Sometimes errors can occur in the time series due to issues in the acquisition chain. The quality check procedure is based on the GEOSS project [43] and checks, for example, if the measurement values range between 0 and the extraterrestrial irradiance.



	
Data filtering: selects the useful part of the data set. During this step, the night hours are deleted, based on the solar angle   h s  . At dawn and at dusk neighboring items can create masks on the pyranometers that can disturb the training process. Furthermore, uncertainties associated with pyranometers are typically higher for low solar angle [44]. For those reasons and according to the solar masks of the two sites, any measurement where (   h s  ≤  8 °   ) is excluded from the data set.



	
Stationarization: the irradiance time series is, by nature, dependent on the seasons and periodic. However, many time series forecasting models require stationary data to be used [45]. A good method consists of using a model giving the solar irradiance in clear sky conditions and calculating the clear sky index for each point of the data set as explained in Section 2.2.



	
Averaging: The data is averaged to the desired model time-step, denoted   Δ t  . The global horizontal irradiance   G H  I i    represents the averaged value of the measured irradiance in    t i  ,  t i  + Δ t  . This step is the main focus of this paper. It defines the resolution of the prediction and, as it will be demonstrated, it has an impact on the forecast error.








Once the data is cleaned and averaged, it can be used to train the model or to estimate the future irradiance. Prior to the training phase, the number of historical data that the Time Series Forecasting model takes as input must be defined. To determine this number (denoted p), a method usually used in the case of linear models, consists in using the Partial AutoCorrelation Factor (PACF) [46]. The order p is then the lag value after which the PACF crosses the upper confidence interval for the first time. These p lags will act as the model input while forecasting the time series. Although the PACF has originally been used with ARMA models and is not the best feature selection method for the machine learning models, it is not the focus of this paper and the method is assumed to be applicable to all the models presented here.



After the parameters have been selected, the model is trained on historical data. Each model type has a dedicated training method, but generally speaking it consists of splitting the datasets in two parts—training (80%) and validation (20%)—and using an optimization algorithm to find the coefficients minimizing the forecast error on the validation subset. This step is realized with the corresponding algorithms available in Matlab. Preliminary tests have shown that using one year for training was enough to avoid weather seasonality and to consider enough input points.



For the forecasting phase, the averaged data is used as input of the model. p points are needed to compute a prevision. The mathematical formulation of the ℓ-horizon forecast (corresponding to the q-step ahead forecasting with   ℓ = q . Δ t   and   p , q ∈  N + *   ) is given by:


      K t   ( t + ℓ )      = f   K t   ( t )  ,  K t   ( t − Δ t )  , ⋯ ,  K t   t − ( p − 1 ) . Δ t    + ϵ ( t + ℓ )      



(5)






      K t   ( t + ℓ )      =   K t  ^   ( t + ℓ ) + ϵ   ( t + ℓ )      



(6)




where   K t   is the measured Clear Sky Index,    K t  ^   is the forecasted CSI, ℓ the horizon, p the number of historical data, Δt the model time-step, ϵ(t + ℓ) a random white noise and f a representation of the model. The training and forecasting phases can be summed up in a flow chart presented in Figure 3.




2.5. Model Error Evaluation


When the training is complete, the model is tested over two years worth of data. The measurements go through steps 1 to 4 of the preprocessing (Section 2.4) then are used as input for the model. It yields a matrix of q forecasts of the Clear Sky Index    K t  ^   done every   Δ t   over the testing period. Those    K t  ^   are multiplied by the corresponding Clear Sky values to give the forecasted irradiance    G H I  ^  , represented as the “Post-processing” phase in Figure 3.



Hence for a given time   t i  , the models use as input the p past measurements   G H  I  i − p + 1   , ⋯ , G H  I i    and returns q forecasts      G H I  ^   i + 1   , ⋯ ,    G H I  ^   i + q    . To evaluate the models’ performances, the forecasts     G H I  ^  k   are compared to the measured value   G H  I k    and the Normalized Root Mean Squared Error is computed from Equation (7), where       represents the mean function.


  n R M S E =      G H I −   G H I  ^   2     G H I    



(7)








2.6. Experimental Methodology


Each of the selected models is configured with a maximum horizon of 6 h and for time-steps of 10, 15, …, 60 min. Those models are trained over a year and then tested on two years. This gives 11 series of nRMSE values, one for each time-step length containing the error for each horizon. The series do not have the same number of points: the one corresponding to a 10-min time-step has 36 values and the one corresponding to a 60-min time-step has only 6. To ease the graphic representation, all the values are interpolated to match the 10-min time-step series.



To improve the optimal control of a given micro-grid, infra-hour forecasts can be used to obtain more precise set-points of the system. Hence, a second set of models has been trained and tested for the very short term forecasting. In this case, the time-step varies from 2 min to 10 min and the horizon from 10 min to one hour.





3. Results


The results are presented in five subsections. In the first one, the four forecasting models are compared and the best one is chosen to be detailed in the remainder of the paper. The second subsection compares the results for one configuration on the two locations. The main results are presented in the third subsection, where the metrics are computed for several time-steps and horizons for the global horizontal irradiance. The fourth subsection discusses briefly the advantages of doing several forecasts with a small time-step rather than one unique forecast. Finally, the methodology is applied on tilted irradiance in Ajaccio.



3.1. Forecast Model Comparison


All the models mentioned in Section 2.3 have been tested with the same methodology. Figure 4 presents a selection of results in Odeillo. Due to the large number of cases tested and to avoid overloading the paper, only the results for 20 to 60 min time-steps for one site are plotted.



Auto Regressive Mobile Average, Multi Layer Perceptron and Random Forest models have similar performances over the studied range. Support Vector Regression models are however slightly less performing. As those results have already been observed in [26], where the performances of eleven forecast models are compared, they will not be further detailed here. The models’ performances could be improved by fine-tuning their meta-parameters but this would go beyond the scope of this paper.



Although the models behave in the same way, most of the times ARMA offers the best performances. Furthermore, it is the easiest model to implement and the faster to run. In [22], the authors found similar conclusions. The short term evolution of the irradiance is indeed quasi-linear and using more complex methods does not increase the performances. If more data is used for the training, nonlinear models can have better performances than ARMA but the amount of data needed is rarely available. Hence, for the rest of the study and for the sake of concision, only the results obtained with ARMA models will be presented.




3.2. Test Location Comparison


The study has been done in two sites to verify its validity. Although it is not enough to generalize the findings, it increases the confidence on the results. Figure 5 compares the results for a 30 min time-step in the two locations. As expected, the forecast error increases with the horizon for ARMA and Scaled Persistence models and it is lower in Ajaccio than in Odeillo due to the high variability of the irradiance in mountain areas. This is consistent with the results in [26], where the models’ performances on four datasets with different weather variability have been compared.



The Scaled Persistence forecast offers relatively good results for the very short term but after less than three hours, it has worse results than the Climatology model [34]. ARMA is always the best model, even at 6-hour horizon where its error tends to a horizontal asymptote.



As mentioned in Section 2.6, the error metrics are computed over a 2-year period. To illustrate that this time-span is enough to obtain a converged value, the evolution of the nRMSE for the ARMA model with a 30-min time-step and an horizon of one hour is plotted in Figure 6.



To plot this figure, the errors are taken in random order, then the cumulative nRMSE is computed. This means that 2000 points on the horizontal axis correspond to 2000 points taken randomly in the two-year test period. If they had not been randomized, the first 2000 points would have corresponded to the start of the test period and then depended on seasonality variation. The metrics convergence is a complex problem and will not be further detailed in this paper and will be subject to future works.




3.3. Errors for Horizontal Irradiance


Figure 7 presents the results obtained with ARMA for Ajaccio and Odeillo with a time-step varying from 10 min to one hour and a maximum horizon of 6 h or slightly more. It is indeed not possible to reach exactly 360 min with some time-steps (25 min for example) so the maximum horizon is given by the first step reached after 6 h. The results are interpolated to match the 10-min time-step so they can be plotted as a surface and better compared.



Figure 8 presents the results for Ajaccio. The increase of the error with the horizon, already shown in Figure 5, can still be seen. The novelty here is the slight reduction of the nRMSE when the time-step increases. The short term unpredictable variations of the irradiance are indeed smoothed by the averaging, leading to a smaller variability and an “easier” forecast. This is illustrated in Figure 9, where the look of an irradiance measurement is plotted with averaging window lengths of 10, 30 and 60 min. The 60-min window plot is “smoother” and closer to the data trend than the algorithm tends to forecast.



The 3D figures are difficult to exploit and only presented for the sake of illustration. To quantify the nRMSE decrease with the resolution, the surface is sliced at six horizons, from one hour to six hours. The points obtained are plotted in Figure 10a,b. Note that some points are derived by interpolation; as we already said, it is indeed not possible to obtain a 60-min horizon with a 25-min time-step. The results may be fitted with a first order polynomial with relatively good correlation (   R 2  > 0.92  ). The fit coefficients are presented in Table 2. With a second order polynomial, the fitting offers better results (   R 2  > 0.98  ) but in the scope of choosing the time-step for a micro-grid optimal control algorithm, a quadratic fit seems to be less relevant.



The results differ for each horizon. For short term horizons, increasing the resolution has a significant effect on the error: for example, in Odeillo at 60 min, a 10-min reduction in the time-step results in a 1.7% nRMSE increase. This is less pronounced for long term horizons; e.g., 0.8% per 10 min at 6 h in Odeillo. As mentioned before, the nRMSE is lower in Ajaccio. The trade-off between resolution and error is similar; however, the coefficients are slightly lower.



In order to assess the extent to which those results are specific to horizon, we have reproduced this experiment for the very short term. Figure 11 shows the results for time-steps from 2 min to 10 min and horizons 10 min to 60 min. The fitting coefficients are presented in Table 3. At the very short term, the nRMSE is lower but the slope is greater than between one to six hour horizons. This means that for the now-casting, reducing the time-step can drastically increase the nRMSE, up to 0.8% per minute in Odeillo at 10 min horizon.



The one-hour horizon has been tested with time-steps between 2 and 10 min for very short term and time-steps from 10 to 60 min for short term forecasts. Figure 12 shows those results concatenated to illustrate the nRMSE reduction on a wide range. It shows the continuity between the results with a greater slope for the short time-step forecasts.




3.4. Forecast Averaging


It is important to note that although the error for small time-steps is higher, it is lower on average. In other terms, to forecast the average irradiance between t and   t + 60   min, it is better to forecast at several smaller steps rather than to do one forecast with a 60-min time-step. For example, six forecasts can be done with a 10-min time-step and averaged to obtain the hourly value.



To illustrate this statement, the forecast at 60 min of several models, with time-steps varying from 2 to 60 min, are compared in Ajaccio, still with the ARMA model. For the 2-min time-step, 30 forecasts are averaged, 20 forecasts for the 3-min model, etc. Their nRMSE is plotted in Figure 13. As stated before, small steps models can better estimate the average irradiance for the next hour. In the case of Ajaccio, reducing the time-step from 60 min to 5 min offers a 1.6% reduction of the nRMSE. However, going below 5 min does not improve the forecast accuracy. Yet for longer horizons this improvement is less significant.



The improvement may be very useful at the sunrise hours. As no data is available at night, univariate models are forced to fetch irradiance values from the day before. Obviously, a lot of weather modifications can append during the night and there is only a small chance that the clear sky index will remain constant. A model with a 60-min time-step needs to wait 60-min after the sunrise so that the first historical data comes from the same day. On the contrary, a 10-min time-step model only needs 10 min after dawn. Since the first lag is the most significant data, it makes the forecast more accurate.



However, the minimum forecast time-step is given by the measurement interval of the input data. Unfortunately, the measurements are far too often available on a hourly basis, especially for older weather stations. The resolution they provide may not be sufficient to run an optimal control algorithm for the micro-grid.




3.5. Errors for Tilted Irradiance


The study has been done mainly with global horizontal irradiance to comply with most of the literature and because that is the most widely available. However, in reality, the PV panels are for the vast majority of cases, inclined to increase their production. That is why, for an operational use in a micro-grid, the most significant measurement is the global irradiance incident on the PV panels.



To assess the validity of the study on tilted data, the same methodology is applied to global irradiance incident on a   45 °   plane oriented to the south in Ajaccio. The ARMA model is this time configured to use the Global Tilted Irradiance (GTI) instead of the GHI.



The trade-off between nRMSE and time-step is once again presented in Figure 14 and in the fitting coefficients in Table 4. The nRMSE is higher for the tilted irradiance than for the horizontal one. This phenomenon has already been observed in [47] and is mainly due to the difficulties of estimating the diffuse irradiance. The slope coefficients are, however, lower than for the horizontal irradiance, meaning that reducing the resolution would be less useful.



In addition, the remark on averaging the forecast results, mentioned in the previous section, still holds and should be taken into account when choosing the time-step.





4. Conclusions


This paper presented the evolution of the forecast error with respect to the forecast time-step. Four models—namely ARMA, MLP, RF and SVR—have been tested over two years on two sites: Ajaccio and Odeillo, in France. They present the same behavior and the model offering the best performances, ARMA, is presented in the rest of the study. The error metrics are computed for time-steps varying from two minutes to one hour and for horizons from ten minutes to six hours.



The results show that, for the Global Horizontal Irradiance, increasing the time-step can lead to a reduction in the nRMSE, up to 0.8% per minute at short term in Odeillo. The Global Tilted Irradiance forecasts are less accurate but their error can be reduced by 1.3% per 10-min time-step increase for the one hour horizon.



The methodology shown in this paper may help the designers of future EMS for integrated micro-grids to choose the best time-steps for theirs algorithms. They will have to balance the computational cost of high resolution optimizations and the forecast errors at small time-steps.



Future works will assess the convergence of the error metrics mentioned earlier as well as a methodology to better compare the error at different time-steps. The models will also be improved to increase their performances for tilted irradiance and at sunrises. The idea would be then to test adaptive time-steps to best fulfill EMS resolution requirements all day long.
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Figure 1. Theoretical penetration rate (annual basis) and cumulated PV capacity [1]. 
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Figure 2. Forecasting time horizon versus temporal resolution according to Diagne et al. [21]. 
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Figure 3. Training and forecast block diagrams. 
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Figure 4. Comparison of the forecasting models for different time-steps and horizons at Odeillo. 
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Figure 5. nRMSE for the two sites and for Auto Regressive Moving Average (ARMA), Scaled Persistence and Climatology models for a 30 min time-step. 
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Figure 6. Convergence of the nRMSE for ARMA model versus the number of points taken randomly over the two-year test period. 
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Figure 7. Error of ARMA models for the different time-steps and horizons in Ajaccio and Odeillo. 
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Figure 8. Interpolated results for Ajaccio. The colored lines are extracted to Figure 10a. 
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Figure 9. Same irradiance measurement averaged with a 10/30/60-min window. The plots have been offset for better readability. 
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Figure 10. Error (nRMSE) vs. time-steps (  Δ t  ) for time-step 10 to 60 min and horizons 1 to 6 h. 
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Figure 11. Error (nRMSE) vs. time-step (  Δ t  ) for time-steps 2 to 10 min and horizons 10 to 60 min. 
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Figure 12. Very short term and short term results at one hour horizon. 
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Figure 13. nRMSE at one hour for different time-steps in Ajaccio. 
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Figure 14. Error (nRMSE) vs. time-step (  Δ t  ) for tilted irradiance (  45 °  ) in Ajaccio. 
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Table 1. Test sites and global solar irradiance time series characteristics.
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	Ajaccio
	Odeillo





	Latitude
	   41 °   54 ′   46 ″    N
	   42 °   29 ′   37 ″    N



	Longitude
	   8 °   39 ′   11 ″    E
	   2 °   1 ′   45 ″    E



	Altitude
	5 m AMSL
	1650 m AMSL



	Variability [26]
	0.196 (weak)
	0.503 (strong)



	Climate type [27]
	Warm Mediterranean (Csa)
	Temperate Oceanic (Cfb)



	Annual irradiation
	1.67 MW h m−2
	1.63 MW h m−2



	Training year
	2015
	2001



	Testing years
	2016–2017
	2002–2003



	Missing points
	0.47%
	0.19%
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Table 2. Fitting results for Ajaccio and Odeillo, horizons 1 to 6 h.
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Ajaccio

	
Odeillo




	
Horizon

	
a

	
b

	
    R 2    

	
a

	
b

	
    R 2    






	
60

	
−0.115

	
23.3

	
0.968

	
−0.169

	
35.2

	
0.988




	
120

	
−0.076

	
26.5

	
0.959

	
−0.109

	
39.9

	
0.990




	
180

	
−0.065

	
28.7

	
0.949

	
−0.091

	
42.9

	
0.983




	
240

	
−0.057

	
30.2

	
0.940

	
−0.081

	
44.7

	
0.980




	
300

	
−0.053

	
31.2

	
0.929

	
−0.075

	
45.8

	
0.976




	
360

	
−0.049

	
31.7

	
0.918

	
−0.070

	
46.3

	
0.964
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Table 3. Fitting results for Ajaccio and Odeillo, horizons 10 to 60 min.
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Ajaccio

	
Odeillo




	
Horizon

	
a

	
b

	
    R 2    

	
a

	
b

	
    R 2    






	
10

	
−0.599

	
20.0

	
0.982

	
−0.791

	
27.4

	
0.982




	
20

	
−0.419

	
21.7

	
0.985

	
−0.541

	
30.9

	
0.987




	
30

	
−0.374

	
23.0

	
0.983

	
−0.460

	
33.2

	
0.983




	
40

	
−0.349

	
24.1

	
0.981

	
−0.420

	
34.9

	
0.981




	
50

	
−0.328

	
24.9

	
0.978

	
−0.391

	
36.3

	
0.977




	
60

	
−0.316

	
25.7

	
0.977

	
−0.373

	
37.4

	
0.976
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Table 4. Fitting results for Tilted Irradiance (  45 °  ) in Ajaccio.
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Ajaccio




	
Horizon

	
  a  

	
  b  

	
   R 2   






	
60

	
−0.135

	
29.4

	
0.971




	
120

	
−0.084

	
34.2

	
0.959




	
180

	
−0.070

	
37.3

	
0.945




	
240

	
−0.062

	
39.4

	
0.933




	
300

	
−0.056

	
40.9

	
0.926




	
360

	
−0.052

	
41.6

	
0.916
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