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I. INTRODUCTION

Over the past years, environmental awareness, policies to promote sustainability, and even a reduction in production costs have led to the development of RES in many countries. Nevertheless, RES remain a challenging technology for transmission and distribution system operators. As a weatherdependent source of energy, RES are characterized by high variability. As a result, high penetration rates into the electrical grid can jeopardize the safe and economic operation of the power system. Apart from security concerns, fluctuations in RES can also induce financial penalties for power producers. In the coming years, feed-in tariff policies are due to end in several European countries which will lead related actors to participate in electricity markets. In addition, operators that sell energy on electricity markets are required to pay financial penalties proportional to any mismatches between the energy sold based on forecasts and the energy actually produced. Thus, to maintain grid stability and avoid economic losses for power producing companies, efficient power forecasting models are needed.

Unlike wind production forecasting which dates back to the 1980s [START_REF] Kariniotakis | Renewable Energy Forecasting: From Models to Applications[END_REF], research on PV production forecasting is a more recent field of research, mainly due to the later development of solar power penetration [START_REF] Hong | Probabilistic energy forecasting: Global Energy Forecasting Competition 2014 and beyond[END_REF]. Nevertheless, the state of the art regarding PV production forecasting has developed rapidly in recent years [START_REF] Antonanzas | Review of photovoltaic power forecasting[END_REF]. The literature provides us with a large number of models tailored for specific lead time ranges. For instance, day-ahead and longer horizon forecasting models are based on down-scaling approaches from Numerical Weather Predictions (NWPs), while short-term models typically use past production [START_REF] Pedro | Assessment of forecasting techniques for solar power production with no exogenous inputs[END_REF] and remote sensing observations (e.g. sky or satellite images). Recent studies have shown that accurate forecasting benefits from combining endogenous inputs (variables influenced by other factors within the model, in this case, past production) with exogenous ones (variables influenced by external factors to the model) such as satellite images [START_REF] Aguiar | Combining solar irradiance measurements, satellite-derived data and a numerical weather prediction model to improve intra-day solar forecasting[END_REF] or measurements from geographically distributed PV units [START_REF] Agoua | Short-Term Spatio-Temporal Forecasting of Photovoltaic Power Production[END_REF], [START_REF] Bessa | Spatial-Temporal Solar Power Forecasting for Smart Grids[END_REF]. These models use the spatial dependency of weather variables to provide valuable information regarding cloud movements. For a few years, to enhance PV production forecast performances (in terms of accuracy and computational cost), some authors turned to analog-based methods. This set of methods, initially used for down-scaling NWPs outputs, supposes that two similar synoptic states lead to similar local situations [START_REF] Obled | Quantitative precipitation forecasts: A statistical adaptation of model outputs through an analogues sorting approach[END_REF]. This idea can be extended for PV production forecasting assuming that for two similar atmospheric states, related PV production is comparable [START_REF] Alessandrini | An analog ensemble for short-term probabilistic solar power forecast[END_REF].

The key contribution of this paper is to propose a short-term forecasting model using spatio-temporal inputs conditioned to the synoptic atmospheric state thanks to an analog-based selection. This approach aims at making efficient use of past production information by providing a coherent learning subset conditioned to meteorological conditions. Our approach extends current methods that mainly use local information from NWPs and explores the contribution that this type of information may bring. In contrast to the tendency for black-or grey-box models today, the proposed approach, although datadriven, makes it possible to link the PV prediction output to specific weather situations, thus enhancing the interpretability of the forecast results in terms of both forecasts and prediction errors.

The paper is organized as follows. Section II describes the objectives of the present study and the approaches implemented. Section III presents the inputs used. Then section IV describes the model's implementation while section V discusses the outcomes. Finally, section VI draws the conclusions of this study.

II. MOTIVATION AND APPROACH

A. Objectives

We propose a meteorological data-driven approach based on an analog method to define coherent learning subsets from a weather point of view. To do so, we use a synoptic scale analog predictor, namely the geopotential field which is considered as a wind driver, to condition the learning phase of the forecast model. In other words, an analog based method makes it possible to determine a subset of past PV production, observed under similar weather conditions, to fit the forecasting model. Moreover, the forecast model is tailored for short-term lead times by considering endogenous data and heterogeneous spatio-temporal inputs. The innovative aspect of this paper is that we propose a spatio-temporal weatherdependent model to forecast PV production for short-term horizons. To our knowledge no other contributions address this topic on the same forecast lead time range (i.e. 15' up to 6h ahead).

B. Conditioned Learning Set Based on an Analogy Approach

PV production is intermittent in nature because of variable cloud cover. Accurate short-term predictions require forecast models that are able to operate efficiently on a wide range of weather conditions (from sunny to overcast skies). To take into account constantly variable weather conditions, models must be dynamically adaptable to the current weather situation. [START_REF] Bacher | Online short-term solar power forecasting[END_REF] proposed an online adaptive linear prediction model using recursive least squares with a forgetting factor. This approach proved to be more accurate than a static approach because it took into account weather variability and the changing conditions of the PV systems.

Rather than considering only recent observations, some authors have chosen to consider PV production observations related to similar weather states, i.e. analog techniques. The main idea behind analogy can be summed up by the saying: History repeats itself. Indeed, similar weather states can be observed throughout time. Of course, depending on the number of physical variables at stake or the extent of the spatial windows over which the analogy is performed, perfect analogy can be illusory. In that case, one must be satisfied with partial similarity. In the literature, this principle has been used through various adaptations. For instance, [START_REF] Mathiesen | Forecasting solar irradiance variability using the analog method[END_REF] proposed an analog down-scaling technique to forecast fine-scale variability from a coarse-scale NWPs. As for [START_REF] Alessandrini | An analog ensemble for short-term probabilistic solar power forecast[END_REF], the authors used an analog based approach to provide probabilistic forecast assuming that similar NWPs present similar forecast errors. Fig. 1: Schematic representation of the analog process, inspired from [START_REF] Akyurek | TESLA -Taylor expanded solar analog forecasting[END_REF] and [START_REF] Delle Monache | Probabilistic Weather Prediction with an Analog Ensemble[END_REF].

In the present study, we propose to implement an analog approach to determine a weather-consistent learning subset with the aim of providing a model adapted to future meteorological states. Figure 1 shows in a schematic way how the analogy method is used throughout this study:

• First, we build two past data sets for the same period: a past meteorological archive (containing the analog predictors) and a previously observed PV production archive. • We then retrieve the forecast of analog predictors at time t + h. • A score of analogy is used to measure similarity between the target meteorological situation, at time t + h, and the candidate situations from the past meteorological archive. • Next, we rank each meteorological situation from the most similar to the least similar. The N best meteorological situations are selected. This approach can be assimilated to a k-Nearest-Neighbor approach. • The N PV production observations associated with the previous subset are used to train the forecasting model.

1) Analog variable:

The proposed conditioning approach aims at providing learning samples with coherent PV production patterns. To do so, it is necessary to find situations with similar cloud dynamics. In the meteorology field, geopotential height, which is considered as a wind driver, is a common predictor used to forecast precipitation generation. The geopotential height can be used to derive the pressure gradient that drives the air flow from high to low pressure regions. Thus, geopotential heights are highly correlated to wind flow and cloud development. In this perspective, [START_REF] Mathiesen | Geostrophic Wind Dependent Probabilistic Irradiance Forecasts for Coastal California[END_REF] used geopotential height to forecast global horizontal irradiance (GHI) in California. It has been previously shown that the formation of local fog and stratus systems is dependent on the synoptic atmospheric flow conditions.

Based on the above, we chose the geopotential field as an analog predictor. This variable can be defined as roughly the height above sea level of a pressure level [START_REF] Service | Glossary -NOAA's National Weather Service[END_REF] (e.g. considering the 500 hPa pressure level, if at a specific location the geopotential height is 5,300 m 2 s -2 this means that a 500 hPa atmospheric pressure is achieved at 5,300 m above sea level).

2) Analog metric: To measure analogy between target and candidate situations, it is important to define a metric. In the literature on PV forecasting, metrics based on Euclidean distances have been proposed to measure similarity between local variables. In the present study, we consider geopotential height as a spatial variable; thus, it is necessary to use a metric that takes into account the predictor spatial distribution. In the meteorology domain, the score S1 is usually employed [START_REF] Obled | Quantitative precipitation forecasts: A statistical adaptation of model outputs through an analogues sorting approach[END_REF]:

S1 = 100 I-1 i=1 J j=1 ∆ i,T i,j -∆ i,C i,j + I i=1 J-1 j=1 ∆ j,T i,j -∆ j,C i,j I-1 i=1 J j=1 max ∆ i,T i,j ; ∆ i,C i,j + I i=1 J-1 j=1 max ∆ j,T i,j ; ∆ j,C i,j
Where:

∆ i,X i,j = V X i+1,j -V X i,j X ∈ {C, T } ∆ j,X i,j = V X i,j+1 -V X i,j (1) 
T the target situation (i.e. future state) C the candidate situation (i.e. from past records) ∆ i,X i,j the east-west geopotential gradient ∆ j,X i,j the north-south geopotential gradient V i,j the geopotential field at grid node (i,j)

C. Multi-Input Approach

The literature has shown the relevance of exogenous inputs for PV production forecasting. Indeed, recent years have seen an increasing use of satellite images [START_REF] Aguiar | Combining solar irradiance measurements, satellite-derived data and a numerical weather prediction model to improve intra-day solar forecasting[END_REF], [START_REF] Carriere | A Novel Approach for Seamless Probabilistic Photovoltaic Power Forecasting Covering Multiple Time Frames[END_REF] and distributed PV sites [START_REF] Agoua | Short-Term Spatio-Temporal Forecasting of Photovoltaic Power Production[END_REF], [START_REF] Bessa | Spatial-Temporal Solar Power Forecasting for Smart Grids[END_REF] to reduce forecasting errors for short lead times. By considering nearby weather conditions, spatiotemporal models tend to outperform temporal-only models.

Due to their wide spatial range, satellite images are used to improve our knowledge of spatio-temporal phenomena occurring close to the site. In contrast to surrounding sites, which are generally sparsely distributed, satellite images provide a much denser source of information with evenly distributed pixels. As a result, it is possible to select a subset of pixels with relevant locations to get the full benefits of the spatio-temporal information (e.g. pixels in the cloud displacement direction). On the other hand, the spatial resolution of satellite images can be too coarse to reveal small cloud structures. Thus, combining distributed PV sites and satellite images seems relevant. It is worth mentioning that satellite images are delivered with a time delay of a few minutes enabling nowcasting approaches.

III. OBSERVATIONAL AND METEOROLOGICAL DATA SETS

The data set considered here is composed of PV production observations from 9 PV plants, satellite images centered on the PV plants, and a geopotential fields reanalysis used as an analog predictor. The PV production observations and satellite images have a temporal resolution of 15 minutes, while reanalysis data have an hourly time step. All of these data range from 2015-01-01 to 2016-12-31.

A. PV Power Production

Production records provided by the Compagnie Nationale du Rhône (CNR), France's leading 100% RES producer, are considered throughout this study. The data set is composed of 9 PV grid-connected systems located in the Rhône valley, mainly along the Rhône River (Figure 2). The installed power capacity ranges from 1.2 to 12 MWp, while the distance between sites ranges from 7.3 to 133 km. Considering this specific data set, spatio-temporal dependencies between sites can be taken to outperform a temporal forecasting approach [START_REF] Bellinguer | Short-Term Photovoltaic Generation Forecasting Using Multiple Heterogenous Sources of Data[END_REF].

Despite the fact that the sites are located in the same region, meteorological conditions can vary from one place to another: the southernmost site is mainly influenced by a Mediterranean climate while the westernmost one is subject to an Alpine climate.

Each site's production observation is normalized by the corresponding installed capacity to enable comparison between PV plants. 

B. Satellite Images

We considered satellite images obtained from the HelioClim-3 database with the HelioSat-2 method [START_REF] Blanc | The HelioClim Project: Surface Solar Irradiance Data for Climate Applications[END_REF]. Helioclim-3 images provide an estimation of the GHI at ground level. The spatial and time resolutions are respectively 0.0625 • × 0.0625 • and 15 minutes. The images are converted into time series of estimated GHI for each pixel.

C. Analog Predictor

The geopotential height variable comes from the reanalysis data set ERA5-ECMWF [START_REF]ERA5: Fifth generation of ECMWF atmospheric reanalyses of the global climate[END_REF]. Thus, the expected target situation at time t + h corresponds to observed data whereas in an operational context, NWPs would be used. As a result, the approach implemented corresponds to a perfect prognosis case. This choice was made to evaluate the benefits of conditioning the learning to synoptic states, while excluding forecasting errors. However, as pointed out by [START_REF] Mathiesen | Geostrophic Wind Dependent Probabilistic Irradiance Forecasts for Coastal California[END_REF], NWPs models are relatively good at predicting synoptic scale variables such as geopotential height fields. Thus, we can assume that conclusions drawn in section VI can be extended, up to a point, to an approach based on predicted rather than reanalysis data.

We chose geopotential fields at pressure levels of 500 and 925 hPa. In the meteorology domain, these fields are known to contain essential information about dynamic and thermodynamic physical processes behind precipitation generation and distribution [START_REF] Romero | A classification of the atmospheric circulation patterns producing significant daily rainfall in the Spanish Mediterranean area[END_REF].

IV. FORECAST METHODOLOGY

This section presents the model used to forecast PV production and how the conditioning approach is implemented. All of the developments are made in R language [START_REF] Core | R: A Language and Environment for Statistical Computing[END_REF].

A. Data Stationarity

PV production is a non-stationary process due to astronomical and meteorological phenomena. A common way to remove the deterministic astronomical component of the signal is to normalize PV production with a clear sky model output, which is a model estimating irradiance with clear sky conditions. Here, the MacClear model [START_REF] Lefèvre | McClear: A new model estimating downwelling solar radiation at ground level in clear-sky conditions[END_REF] is used.

Moreover, in-situ measurements are more subject to error for low solar elevation [START_REF] Vallance | Towards a standardized procedure to assess solar forecast accuracy: A new ramp and time alignment metric[END_REF], leading to aberrant normalized values. To deal with this, we imposed a 5°threshold on the solar elevation angle, and only considered observations above this threshold as production observations.

B. Reference Model

The persistence model is often used as a reference in the literature for RES forecasting. This method is simple inasmuch as it does not consider off-site data and does not require modeling processes. The smart persistence model used is defined as follows:

P x t+h = P x t if P x t = 0 (i.e. daytime) P x t+h-24H if P x t = 0 (i.e. nighttime) (2) 
h Forecasting horizon x Site of interest P x t Observed stationarized production at time t P x t+h

Forecast stationarized production at time t + h

To avoid obtaining overoptimistic results, we also implemented a more advanced forecasting model, Random Forest (RF), considering only past production observations of the site of interest.

C. Forecasting Models

The core of the forecasting approach presented here is an auto-regressive (AR) model. ARIMA models are a family that is well suited to short-term predictions and provides easy-tounderstand regression coefficients. The initial AR model, fitted on all available data (i.e. independently of the time of day or the weather state), is then extended by conditioning the learning set, which leads to the conditioned auto-regressive (CAR) model. For each forecast, a two-phase conditioning approach is used:

• First, a selection is performed based on a temporal criterion (CAR-T model): the learning set is conditioned to the time of the day. This approach is somewhat similar to [START_REF] Alessandrini | An analog ensemble for short-term probabilistic solar power forecast[END_REF] who used solar angles (i.e elevation and azimuth).

A comparison between time and solar angle conditioning showed that the first approach leads to slightly better performances.

• Then, a second selection step based on the analog approach presented in II-B is performed (CAR-T.An model): the future geopotential height field at time t + h is used to determine a coherent learning subset among the past records. Eventually, spatio-temporal (ST) data (neighboring sites and satellite pixels) are added to the model as exogenous inputs, which leads to the CARST-T.An model expressed as: 

P x t+h|t,A = β 0 h + L l=0 y∈X β l,y h f A,t ( P y t-l ) + N i=1 β Sat h,i f A,t ( Si t ) (3) 

D. Dimensionality Reduction

Taking into account satellite images substantially increases the number of variables. To decrease the related computational burden, only the most informative pixels are retained. To select the relevant pixels, the mutual information (MI) criterion is used [START_REF] Carriere | A Novel Approach for Seamless Probabilistic Photovoltaic Power Forecasting Covering Multiple Time Frames[END_REF]. Here, only the 10 most informative pixels are kept.

E. Evaluation Metrics

The Root Mean Square Error (RMSE) is used to assess the forecasting performances:

RM SE = 1 N N t=1 P t -P t 2 (4) 
P t , the daytime production forecast is obtained by multiplying forecast stationarized production by the McClear model and P t corresponds to non-stationarized observation. To compare model performances with the reference model, the following comparison skill score is used (with RM SE P erf ect model (h) = 0, ∀h):

SS(h) = RM SE M odel (h) -RM SE Ref erence (h) RM SE P erf ect model (h) -RM SE Ref erence (h) (5) 
V. EXPERIMENTAL RESULTS AND ANALYSIS

A. Sensibility Analysis

In the next step, we carry out a sensibility analysis of the spatial extent of the analog predictor, the number of analogous situations to consider, and the geopotential field (i.e. 500 or 925 hPa). Three spatial windows centered over the Rhône valley region are studied (Fig. 3). Overall, window 1 (Fig. 3a) leads to better RMSE scores (Fig. 4). For short horizons (i.e h ∈ [15min, 1H00[), better performances are achieved when considering many analogs (i.e. 100 or 200 analogs), while for longer horizons, it works better to include fewer analogs (50 or 100 analogs). A good compromise seems to be to consider 100 analog. The same analysis is carried out for the 500 hPa geopotential field pressure but lower performances are achieved. With respect to the smart persistence model, the AR model with only endogenous inputs leads to better performances (Fig. 5). Then, conditioning the AR model with the time of the day (i.e. CAR-T model) improves RMSE scores. The AR model conditioned simultaneously by temporal and weather situations (CAR-T.An model) outperforms the previous models especially for longer lead-times. Thus, the proposed conditioning approach allow us to improve forecast performance by up to 28% in comparison with a smart persistence model at a 6H lead-time. 

C. Comparison with an Advanced Forecast Model

Considering only past endogenous observations, the RF model outperforms the AR model (Fig. 6). However, the proposed conditioning approach (CAR-T.An model) improves the performances of the AR model compared to the RF model. Applying the conditioning approach to the RF model (CRF-T.An) improves performances for horizon longer than 1H30 (worse performances for shorter lead times are presumed to result from over-fitting). It is worth mentioning that despite this improved performances, the CRF-T.An model is still less efficient than the CAR-T.An model.

D. Influence of Spatio-temporal Inputs

Finally, we can deduce that including data from the distributed sites and from the satellite images improves the forecasting performances of the CAR model (Fig. 7). The influence of spatio-temporal data is greater for very short-term horizons (i.e. 30min ahead) and decreases progressively for longer horizons, becoming negligible for 6h ahead.

VI. CONCLUSION

This study proposes a deterministic short-term forecast model based on adaptive weather-conditioned learning and fed with spatio-temporal inputs. The conditioning approach is performed thanks to an analog based method using a geopotential field as an analog predictor, which is considered as a wind driver. To improve short-term accuracy, satellite images and distributed PV sites are used as inputs. The outperformed the smart persistence reference model by up to 28% for a 6H leading horizon. Thus, we deduce that the conditioning process makes it possible to capture the interaction between PV production and weather conditions. In addition, spatio-temporal data improve the CAR performances by up to 3.5% for short-term horizons. The proposed deterministic approach could be extended to probabilistic forecasting using, for instance, kernel density estimation [START_REF] Carriere | A Novel Approach for Seamless Probabilistic Photovoltaic Power Forecasting Covering Multiple Time Frames[END_REF].
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 67 Fig. 6: Averaged performance of the RF model compared with the CAR approach