
Article

Probabilistic solar forecasting using quantile
regression models

Philippe Lauret 1,†,‡*, Mathieu David 1,‡ and Hugo T.C. Pedro 2,‡

1 PIMENT laboratory, Université de La Réunion,15 avenue René Cassin, 97715 Saint-Denis, France;
philippe.lauret@univ-reunion.fr

2 Department of Mechanical and Aerospace Engineering, Jacobs School of Engineering, Center for Energy
Research University of California, San Diego, La Jolla, CA 92093, USA; hpedro@ucsd.edu

* Correspondence: philippe.lauret@univ-reunion.fr; Tel.: +262-262938127
† Current address: Department of Mechanical and Aerospace Engineering, Jacobs School of Engineering,

Center of Excellence in Renewable Energy Integration, Center for Energy Research, University of
California San Diego, La Jolla, CA 92093, USA

‡ These authors contributed equally to this work.

Academic Editor: name
Version September 11, 2017 submitted to Energies

Abstract: In this work, we assess the performance of three probabilistic models for intra-day solar1

forecasting. More precisely, a linear quantile regression method is used to build three models2

for generating 1h to 6h ahead probabilistic forecasts. Our approach is applied to forecasting3

solar irradiance at a site experiencing high variable sky conditions using the historical ground4

observations of solar irradiance as endogenous inputs and day-ahead forecasts as exogenous5

inputs. Day-ahead solar forecasts are provided by the European Center for Medium-Range Weather6

Forecast (ECMWF). This organization maintains and runs the Numerical Weather Prediction (NWP)7

model named Integrated Forecast System (IFS). Several metrics mainly originated from the weather8

forecasting community are used to evaluate the performance of the probabilistic forecasts. It is9

demonstrated that the additional exogenous inputs provided by the ECMWF clearly improves the10

quality of the intra-day probabilistic forecasts. It is also shown that the sky conditions experienced11

by a site may have an impact on the statistical performance of the probabilistic models.12

Keywords: Probabilistic solar forecasting; quantile regression; ECMWF; reliability; sharpness; CRPS13

1. Introduction14

Solar forecasts are required to increase the penetration of solar power into electricity grids and15

also to ensure the security of the supply-demand balance ([1]). Also, the recent development of16

grid-connected storages associated with intermittent solar renewables necessitates solar forecasts17

in order to optimize their operational management ([2]). A forecast is inherently uncertain and in18

a context of decision-making faced by the operator, a point forecast plus a prediction interval is19

a true added-value. In other words, if appropriately incorporated in decision-making processes,20

uncertainty estimates may permit to significantly increase the value of solar power generation. In21

a previous study, Lauret et al. [3] showed that the combination of day-ahead ECMWF forecasts22

with past ground measurements clearly improved the accuracy of the intra-day point deterministic23

forecasts. In this work, it is investigated if such a combination could also improve the quality24

of the probabilistic forecasts. For that purpose, we build three probabilistic models based on the25

linear quantile regression method. The first model uses the deterministic point prediction generated26

by a linear model as unique explanatory input variable. The second one only makes use of past27

solar ground measurements while the third one combines past ground data with exogenous inputs28
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provided by the European Center for Medium-Range Weather Forecast (ECMWF). This organization29

maintains and runs the global Numerical Weather Prediction (NWP) model Integrated Forecast30

System (IFS)([4].31

In order to evaluate the quality of the probabilistic forecasts, we propose to use the reliability32

diagram ([5], the rank histogram (or Talagrand histogram) ([6]) and the continuous ranked probability33

score (CRPS) ([7]) . We will also assess the sharpness of the predictive distributions by calculating the34

prediction intervals normalized average width (PINAW) ([8],[9]).35

The remainder of this paper is organized as follows: Section 2 is devoted to the sites’ description36

and data preprocessing. Section 3 sets out an in-depth analysis of the sky conditions experienced37

by each site while Section 4 describes the day-ahead solar forecasts provided by the ECMWF center.38

Section 5 presents the different probabilistic models based on the quantile regression method. Section39

6 details the different metrics used to evaluate the quality of the solar probabilistic forecasts and40

section 7 presents the results based on the evaluation framework. Section 8 discusses the impact41

of the sky conditions on the quality of the predictive distributions. Finally, section 9 gives some42

concluding remarks.43

2. Data44

In this paper, we used data recorded at two sites that exhibit completely different sky conditions.45

The first site (Le Tampon) is located in La Réunion Island and experiences variable sky conditions46

while the second one is situated in the continental US and experiences an arid climate (Desert Rock).47

Table 1 lists the characteristics of the two sites. For this study, we computed 1-hour averages of48

global horizontal solar irradiance (GHI) directly from the raw 1 min-data for 2 consecutive years.49

One complete year (2012) was used to build the models (training dataset) and another one (2013) was50

used to evaluate the probabilistic forecasts (testing or evaluation dataset).51

In the realm of solar forecasting community, it is now common practice to work with the clear
sky index instead of the original GHI time series. Indeed, solar irradiance is characterized by diurnal
and seasonal variations, thus clear sky model is used to remove this deterministic component in the
GHI time series, which results in the clear sky index kt∗:

kt∗(t) =
I(t)

Iclr(t)
(1)

This quantity corresponds to the ratio of the measured GHI I(t) to the theoretical GHI observed52

under clear sky Iclr(t). With this methodology, the models designed in this work are dedicated to the53

forecasting of the stochastic component of the global irradiance due to the cloud cover, leaving the54

geometric and the deterministic part to be modeled by the clear sky model. In this study, we use the55

clear sky data provided by the McClear model ([10]) publicly available on the SoDa website ([11]).56

This model uses aerosol optical depth, water vapor and ozone data from the MACC (Monitoring57

Atmospheric Composition and Climate) project ([12]).58

Finally, it must be noted that the data corresponding to a solar zenith angle θZ greater than 85◦59

are removed. This filtering removes less than 1% of the total annual sum of solar energy. Put in60

other words, night times and low solar elevations were not taken into account for the building and61

the test of the models. In addition, this filtering process discards less precise data as measurement62

uncertainties associated to pyranometers are typically much higher than 3.0% for θZ > 85◦.63
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Table 1. Main characteristics of the two sites under study.

Site Le Tampon Desert Rock

Provider PIMENT SURFRAD
Position 21.3◦S 55.5◦E 36.6◦N 119.0◦W

Elevation 550m 1007m
Climate type Tropical humid Arid
Training year 2012 2012
Testing year 2013 2013

Mean GHI of the testing year (W/m2) 455 548
Annual solar irradiance (MWh/m2) 1.712 2.105

Site variability (σ(∆kt∗∆T=1h)) 0.24 0.14

3. Site Analysis64

Figure 1 plots the clear sky index distribution of each location. As shown by Figure 1, the65

continental station of Desert Rock experiences weather dominated by clear skies, evidenced by the66

high frequency of kt∗ near 1. For the insular location Le Tampon, the occurrence of clear skies is67

much lower. In figure 1, one can notice a significant number of occurrences of clear sky index above68

1. These events result from a phenomenon known as cloud edge effect and can be observed anywhere69

in the world ([13],[14]) .70

Table 1 (last row) lists the solar variability of each site. This metric was defined by [15] as the71

standard deviation of the changes in the clear sky index σ(∆kt∗∆T) . The values of solar variability in72

Table 1 have been calculated for a time scale ∆T=1h (as we deal with hourly GHI records) and for a73

time span that corresponds to two years of hourly data. A site with variability above 0.2 is considered74

as experiencing very unstable GHI conditions [15]. The variability of the site of Le Tampon is above75

this threshold.76
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Figure 1. Statistical distribution of the 1-hour clear sky index for the insular and continental sites.

A previous paper related to point deterministic forecasts in a challenging insular context [3]77

showed that insular sites like Le Tampon, which exhibits higher solar variability due to clouds that78

are formed locally, are prone to have worse forecasting performance than less variable (continental79

or insular) sites. Section 8 below discusses the impact of the sky conditions on the forecasting skill of80

the different probabilistic methods.81
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4. ECMWF day-ahead forecasts82

The European Center for Medium-Range Weather Forecast (ECMWF) is an intergovernmental83

organization that provides operational weather forecasts. It maintains and runs the numerical84

weather prediction (NWP) model Integrated Forecast System (IFS). NWP models outperform85

forecasts based on satellite data or ground measurements (only) for horizons longer than 5 h ([16]). In86

order to supply forecasts that can be used by the grid operator for day-ahead scheduling, we retrieved87

the data generated by the IFS at 12 h 00 UTC (16 h 00 in Réunion Island). The NWP forecasts provide88

hourly GHI data with a spatial resolution of 0.125◦× 0.125◦ (approximately 14 km× 14 km in Réunion89

— see Figure 2).

Figure 2. ECMWF grid for La Réunion Island.

90

5. Probabilistic models91

In this study, we make no assumption about the shape of the predictive distributions.92

Consequently, the probabilistic forecasts are produced by non-parametric methods like quantile93

regression. In other words, the predictive distributions are defined by a number of quantile forecasts94

with nominal proportions spanning the unit interval ([17]).95

In this work, we chose to use the simple linear quantile regression (QR) method proposed by96

[18] in order to build the probabilistic models. It must be stressed that possibly better results can be97

obtained with more sophisticated machine learning methods like quantile regression forest ([19]), QR98

Neural Networks ([20]) or gradient boosting techniques ([21]). But our goal here is to focus on the99

combination of ground telemetry and ECMWF forecasts as well as the impact on the sky conditions100

experienced by a site on the quality of the probabilistic forecasts.101

5.1. The linear quantile regession method102

This method estimates the quantiles of the cumulative distribution function of some variable
y (also called predictand) by assuming a linear relationship between y and a vector of explanatory
variables (also called predictors) x:

y = βx + ε, (2)

where β is a vector of parameters to optimize and ε represents a random error term.103

In quantile regression, quantiles are estimated by applying asymmetric weights to the mean
absolute error. Following [18] the quantile loss function is:

ρτ(u) =

{
τu if u ≥ 0

(τ − 1)u if u < 0
(3)
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with τ representing the quantile probability level.104

The quantity ŷτ = β̂τx is the τth quantile estimated by the quantile regression method with the
vector β̂τ obtained as the solution of the following minimization problem:

β̂τ = argmin
β

N

∑
i=1

ρτ(yi − βxi), (4)

where (xi, yi) denotes a pair of vector of predictors and corresponding observed predictand in the105

training set.106

It must noted that the quantile regression method estimates each quantile separately (i.e. the107

minimization of the quantile loss function is made for each τ separately). As a consequence, one can108

obtain quantile regression curves that may intersect i.e ŷτ1 > ŷτ2 when τ1 < τ2. To avoid this issue109

during the model fitting, we used the rearrangement method described by [22].110

In the following, the predictand y is the clear sky index kt∗. Therefore, the output of the111

probabilistic model for each forecasting time horizon h is the ensemble of 9 quantiles defined by112

{ ˆkt∗τ(t + h)}τ=0.1,0,2,··· ,0.9 for each forecasting time horizon h=1,· · · ,6 hours. This set of { ˆkt∗τ(t +113

h)}τ=0.1,0,2,··· ,0.9 quantiles can be transformed in GHI quantiles { Îτ(t + h)}τ=0.1,0,2,··· ,0.9 by using114

Equation 1. As mentioned above, this set of quantiles represents the predictive distribution of the115

variable of interest (here GHI) at lead time t + h. This set of quantiles may form also what the116

verification weather community [23] calls an Ensemble Prediction System (EPS).117

In addition, prediction intervals with different nominal coverage rates can be inferred from this
set of quantiles. Prediction intervals give a range of possible values within which the true value of
GHI is expected to lie with a certain probability, that is its nominal coverage rate. In this work, the
(1− α)100% central prediction interval is generated by taking the α

2 quantile as the lower bound and
the 1− α

2 quantile as the upper bound. More precisely, a prediction interval with (1− α)100% nominal
coverage rate produced at time t for lead time t + h is defined by:

P̂I(1−α)100%(t + h) = [ Î(t + h)τ= α
2
, Î(t + h)τ=1− α

2
] (5)

For instance, a P̂I80% is calculated from the two extremes quantiles of the forecasted irradiance118

distribution i.e. Î0.1(t + ∆t) and Î0.9(t + ∆t).119

5.2. QR Model 1: Point forecast as unique explanotary variable120

In this simple set-up, the deterministic point forecast produced by a simple linear auto-regressive
moving average (ARMA) model constitutes the unique explanatory variable of the QR model.
Therefore, we have:

x(t) = [k̂t∗ARMA(t + h)] (6)

Indeed, in a study related to solar power forecasting, Bacher et al.[24] showed that the level of121

uncertainty depends on the value of the point forecast. The reader is referred to [25] for details122

regarding the building of this ARMA model.123

5.3. QR Model 2: Past ground measurements only124

For this model, the vector of explanatory variables consists of the six past ground measurements
i.e.:

x(t) = [kt∗(t), · · · , kt∗(t− 6)] (7)
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5.4. QR Model 3: Combination of past ground measurements plus ECMWF forecast data125

In addition to the six past ground measurements, the third QR model takes additional exogenous
inputs provided by the day-head ECMWF forecasts i.e., the forecasted clear sky index k̂t∗ECMWF(t+ h)
and the total cloud cover T̂CCECMWF(t + h) for the considered forecast horizon h:

x(t) = [kt∗(t), · · · , kt∗(t− 6), k̂t∗ECMWF(t + h), T̂CCECMWF(t + h)] (8)

5.5. PersEn: Persistence ensemble model126

Finally, we define the simple baseline persistence ensemble model (PersEn). This model ([25–27]127

is commonly used to provide reference probabilistic forecasts. In this work, the PersEn considers the128

GHI lagged measurements in the 10 hours that precede the forecasting issuing time. The selected129

measurements are ranked to define quantile values for the irradiance forecast.130

6. Probabilistic error metrics131

In [17] the authors emphasize several aspects related to the quality of a probabilistic132

forecasting system namely reliability, sharpness and resolution. These required properties for skillful133

probabilistic forecasts possess different meaning according a meteorologist’s point of view or a134

statistician’s point of view. The interested reader is referred to [28] or [29] for a definition of135

these properties in the realm of meteorology. As an illustration of these different definitions, the136

meteorological literature ([28]) defines the sharpness property as the ability of the forecasting system137

to produce forecasts that are able to deviate from the climatological value of the predictand while from138

a statistical point of view (as it will be the case here), the sharpness property refers to the concentration139

of the predictive distributions ([17],[8]).140

As noted by [17], reliability is seen as a primary requirement when verifying probabilistic141

forecasts, since a lack of reliability would introduce a systematic bias in subsequent decision-making.142

A reliable EPS is said to be calibrated. More precisely, a probabilistic forecasting system is reliable143

if, statistically, the nominal proportions of the quantile forecasts are equal to the proportions of the144

observed value. In other words, over a testing set of significant size, the difference between observed145

and nominal probabilities should be as small as possible. This first requirement of reliability will be146

assessed with the help of reliability diagrams (see sub-section 6.1.1) or by calculating the prediction147

interval coverage probability PICP ([9]) (see sub-section 6.1.2) which permits to assess the reliability148

of the forecasts in terms of coverage rate. As a means to corroborate the analysis made with the149

reliability diagram, we will also provide rank histograms (see sub-section 6.1.3) that allow judging150

the statistical consistency of the ensemble constituted by the 9 quantiles members.151

In this work, and similarly to ([17],[8]), the assessment of sharpness derives from a more152

statistical point of view with focus on the shape of the predictive distributions. For that purpose,153

the prediction interval average width (PINAW) metric (see sub-section 6.2) is used to evaluate the154

sharpness of the predictive distributions ([9]) .155

Regarding the third property, namely resolution, it consists in evaluating the ability of the156

forecast system to issue different probabilistic forecasts (i.e. predictive distributions with prediction157

intervals that vary in size) depending on the forecast conditions ([17]). For instance, in the case of158

GHI, the level of uncertainty may vary according the sun’s position in the sky (see for the instance159

the work of [30]). In this paper, however, we will not provide such a conditional assessment and160

will only focus on the most important properties of a skillful prediction system namely reliability and161

sharpness.162

Finally, it must be noted that reliability can be corrected by statistical techniques also called163

calibration techniques ([31]), whereas the same is not possible for sharpness. Finally, the Continuous164

Rank Probability Score (CRPS) ([7]) provides an evaluation of the global skill of our probabilistic165

models.166
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6.1. Reliability property167

6.1.1. Reliability diagram168

The reliability diagram is a graphical verification display used to verify the reliability component169

of a probabilistic forecast system. In this work, we use the methodology defined by [5] that is170

especially designed for density forecasts of continuous variables.171

This type of reliability diagram plots the observed probabilities against the nominal ones (i.e. the172

probability levels of the different quantiles). This representation is appealing because the deviations173

from perfect reliability (the diagonal) can be visually assessed [5]. However, due to the finite174

number of pairs of observation/forecast and also due to possible serial correlation in the sequence of175

forecast-verification pairs, it is not expected that observed proportions lie exactly along the diagonal,176

even if the density forecasts are perfectly reliable [5]. In this work, similarly to [32], consistency bars177

are computed in order to take into account the limited number of observation/forecast pairs of the178

evaluation (testing) set.179

6.1.2. PICP180

The prediction interval coverage probability (PICP) ([9]) is a metric that permits to assess the
reliability of the EPS in terms of coverage rate. In addition, and contrary to what we did for reliability
diagram, here we assess the PICP as a function of the forecast horizon. In this work, and as mentioned
above, we propose to assess the empirical coverage probability of the central prediction intervals for
different nominal coverage rate (1− α)100%. Equation 9 gives the definition of the PICP for a specific
forecast horizon h and a particular nominal coverage rate :

PICP(h, α) =
1
N

N

∑
i=1

1{I(t+h)∈P̂I(1−α)100%}
(9)

The indicator function 1{u} has the value of 1 if its argument u is true and 0 otherwise.181

6.1.3. Rank histogram182

The rank histogram ([28]) is another graphical tool for evaluating ensemble forecasts. Rank183

histograms are useful for determining the statistical consistency of the ensemble, that is, if the184

observation being predicted looks statistically just like another member of the forecast ensemble185

([28]). A necessary condition for ensemble consistency is an appropriate degree of ensemble186

dispersion leading to a flat rank histogram ([28]). In other words, a flat rank histogram shows that187

the members of an ensemble system are statistically indistinguishable from the observations. If the188

ensemble dispersion is consistently too small (underdispersed ensemble), then the observation (also189

called the verification sample) will often be an outlier in the distribution of ensemble members.190

This will result in a rank histogram with a U-shape. Conversely, if the ensemble dispersion is191

consistently too large (overdispersed ensemble) then the observation may too often be in the middle192

of the ensemble distribution. This will give a rank histogram with a hump shape. In addition,193

asymmetric rank histograms may suggest that ensemble may possess some biases. Ensemble bias194

can be detected from overpopulation of either the smallest ranks, or the largest ranks, in the rank195

histogram. An overforecasting bias will correspond to an overpopulation of the smallest ranks while196

an underforecasting bias will overpopulate the highest ranks. As a consequence, rank histograms197

can also reveal deficiencies in ensemble calibration or reliability ([28]). Again, care must be taken198

when analyzing rank histograms when the number of verification samples is limited. In addition, as199

demonstrated by [6], a perfect rank histogram does not mean that the corresponding EPS is reliable.200

To obtain a verification rank histogram, one needs to find the rank of the observation when201

pooled within the ordered ensemble of quantile values and then plot the histogram of the ranks. For202



Version September 11, 2017 submitted to Energies 8 of 16

a number of members M, the number of ranks of the histogram of an ensemble is M + 1. If the203

consistency condition is met, this histogram of verification ranks will be uniform with theoretical204

relative frequency of 1
M+1 .205

6.2. Sharpness206

An EPS is sharp if prediction intervals are shorter on average than prediction intervals derived
from naïve methods, such as climatology or persistence. The Prediction Interval Normalized
Averaged Width (PINAW) is related to the informativeness of PIs or equivalently to the sharpness
of the predictions. As for the PICP, we assess the sharpness of the forecasts by calculating the
prediction intervals normalized width (PINAW) for different nominal coverage rates (1 − α)100%.
More precisely, this metric is the average width of the (1− α)100% prediction interval normalized by
the mean of GHI for the testing set. Equation 10 gives the definition of the PINAW metric for lead
time h and for a specific nominal coverage rate.

PINAW(h, α) =
∑N

i=1

(
Î1− α

2
(t + ∆t)− Î α

2
(t + ∆t)

)
∑N

i=1 I(t + ∆t)
(10)

As mentioned in [8], the goal of probabilistic forecasting is to maximize the sharpness of the207

predictive distributions subject to calibration. Put differently, ideally, predictive distributions should208

have PICPs close to the expected coverage rate and low PINAWs.209

6.3. CRPS210

The CRPS measures the difference between the predicted and observed cumulative distributions
functions (CDF) ([7]. The formulation of the CRPS is:

CRPS =
1
N

N

∑
i=1

∫ +∞

−∞
[P̂i

f cst(x)− Pi
x0
(x)]2dx (11)

where P̂i
f cst(x) is the predictive CDF of the variable of interest x (here GHI) and Pi

x0
(x) is a211

cumulative-probability step function that jumps from 0 to 1 at the point where the forecast variable212

x equals the observation x0 (i.e. Px0(x) = 1x≥x0 ). The squared difference between the two CDFs213

is averaged over the N ensemble forecast/observation pairs. The CRPS has the same dimension as214

the forecasted variable. The CRPS is negatively oriented (smaller values are better), and it rewards215

concentration of probability around the step function located at the observed value ([28]). Thus, the216

CRPS penalizes lack of sharpness of the predictive distributions as well as biased forecasts.217

Similarly to the forecast skill score commonly used to assess the quality of point forecasts, we
also include the CRPSS (for continuous rank probability skill score). The latter (in %) is given by:

CRPSS =

(
1− CRPSm

CRPS0

)
× 100 (12)

where CRPS 0 is the CRPS for the persistence ensemble model and CRPSm is the CRPS for the model218

m (here the QR models). Negative values of CRPSS indicate that the probabilistic method fails to219

outperform the persistence ensemble model while positive values of CRPSS mean that the forecasting220

method improves on persistence ensemble. Further, the higher the CRPSS score, the better the221

improvement.222

7. Results223

In this section, we propose a detailed assessment of the 4 probabilistic models for the site of Le224

Tampon. In section 8 , we will give some results regarding the impact of the sky conditions on the225

quality of the probabilistic forecasts.226



Version September 11, 2017 submitted to Energies 9 of 16

7.1. Reliability assessment227

7.1.1. Analysis of the reliability diagrams228

As suggested by [17], the first step of an evaluation framework is to analyze the reliability229

(calibration) of the probabilistic forecasts. Figure 3 shows the reliability diagrams of the four models230

for Le Tampon site. Notice that these reliability diagrams are averaged over all forecast horizons. The231

presence of consistency bars may help us to add more credibility in our judgment regarding reliability232

of the different models. First, we can state without any doubt that the persistence ensemble model233

is not reliable particularly for quantile forecasts ranging from 0.1 and 0.3 and for quantiles between234

0.7 and 0.9. This lack of calibration will be further confirmed by the analysis of the rank histogram235

and values of the PICP metric for the PersEn Model. Reliability diagram for the QR Model 1 tends to236

suggest that this model is not reliable for quantile forecast between 0.4 and 0.8 as the corresponding237

observed proportions lie slightly outside the consistency bars. Conversely, all observed proportions238

of QR model 2 lie within the consistency bars hence suggesting QR model 2 is reliable. The same239

conclusion can be drawn for QR model 3 albeit slightly more significant deviations can be detected240

from the ideal case.
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Figure 3. Reliability diagrams - Site of Le Tampon.

241

7.1.2. Analysis of the rank histograms242

Figure 4 plots the rank histograms of the four different models for the site of Le Tampon. Again,243

it must be noted that, in order to provide condensed results, the rank histograms are averaged across244

all the forecasting time horizons. As mentioned above, rank histograms are designed to assess the245

consistency property of the different EPS. The rank histogram of the persistence ensemble model246

exhibits a U-shape, hence indicating a lack of spread of the predictive distribution or put differently,247

the ensemble persistence model is underdispersed. This result matches previous researches [25,27]248

that showed that the persistence ensemble model tends to underestimate the uncertainty. As a249

consequence, and as shown by Figures 5 and 6, the ensemble persistence prediction intervals have250

both low PICP and low PINAW because the ensemble members of the persistence ensemble tend to251

be too much like each other, and different from the observations. In agreement with the previous252
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evaluation of the reliability property made with the reliability diagrams, QR model 2 and (to a less253

extent) QR model 3 exhibit rather flat rank histograms. Conversely, a possibly (very) small bias is254

detected for QR model 1 indicated by a slight overpopulation of the highest ranks.
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Figure 4. Rank histograms. The black horizontal line represents the theoretical relative frequency
(here 1

11 ). - Site of Le Tampon.

255

7.1.3. Analysis of PICP256

As mentioned above, rank histograms and reliability diagrams have been averaged over all the257

forecast horizons. It is therefore also interesting to evaluate reliability as a function of the forecast258

horizon. Let us recall that calibrated predictive distributions should exhibit PICP values close to259

the nominal coverage rate. Figure 5 plots the PICP values of the four models for different nominal260

coverage rates and for all forecast horizons. The dotted black line in the graphs denotes the ideal case261

where observed coverage rates are equal to the nominal ones. Figure 5 shows that, except for QR262

model 2 for nominal coverage of 40% and forecast horizon of 1h, all PICP values for QR models 2 and263

3 are rather close to the corresponding nominal coverage rates irrespective of the forecast horizon.264

Conversely, slight departures from the ideal line are noted for QR model 1. As expected following265

the previous analysis made with the reliability diagrams, the PICP values for the PersEn model do266

not match the nominal coverage rates. Further, the discrepancy increases with increasing nominal267

coverage rate.268

Finally, this detailed analysis concerning reliability based on reliability diagrams, rank269

histograms and PICP values favors the selection of QR model 2 and QR model 3. The next step270

consists in extending the analysis to assess the sharpness property of the predictive distributions.271

7.2. Sharpness assessment272

Figure 6 plots the PINAW diagrams of the four models for different coverage rates and also273

for the six forecast horizons. As shown by Figure 6, the QR model 3 clearly leads to the narrowest274

predictions intervals irrespective of the nominal coverage rate and the forecast horizon. The PersEn275

model leads also to low PINAW values (except for lead time of 1h) but at the expense of not being276

reliable, as demonstrated above. We should normally discard this model at this point of the evaluation277
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Figure 5. PICP for different nominal coverage rates and forecast horizons . The dotted black line
represents the ideal case - Site of Le Tampon.

framework. As expected, PINAWs increase with increasing forecast horizon although they tend to278

stabilize for horizons greater than 3h (see also Figure 7(a)).279

Figure 7(a) that details the evolution of the PINAW along the forecast horizon for a nominal280

coverage rate of 80% further reinforces the fact that QR model 3 yields the sharpest predictive281

distributions among the different models. One may however notice the rather high values of282

the PINAWs. Indeed, PINAWs are between 75% and 100% of the mean GHI for the testing set,283

corresponding to prediction intervals’ widths between 341 Wm−2 and 455 Wm−2 (see Table 1 for284

the values of the mean of GHI for the testing period). One may conjecture that these large uncertainty285

intervals may come from the high GHI variability experienced at Le Tampon. Section 8 tries to shed286

some light on this conjecture by studying the performance of QR models 1 and 2 on a site (Desert287

Rock) that experiences high occurrences of clear and stable skies.288

7.3. Overall probabilistic forecasting skill289

In order to exhibit the best probabilistic model for this particular experimental set-up, we plot290

in Figure 8(a) the relative CRPS (i.e. CRPS divided by the mean of GHI for the testing period) as a291

function of the forecast horizon. As shown by 8(a), QR model 3 yields the best overall performance292

as it leads to the lowest CRPS for all forecast horizons. As mentioned above, the CRPS is an293

attractive metric due to its capacity to address reliability and sharpness simultaneously. In addition294

it establishes a clear-cut ranking of the different models that ranks QR model 3 first followed by QR295

models 1 and 2. Also, in order to assess the true skill improvement brought by the quantile regression296

models over the persistence ensemble model, Table 2 lists the CRPSS for the site of Le Tampon.297

Significant skill scores ranging from 12% to 36% are obtained with the QR models. One interesting298

point to note is that, contrary to skill scores related to point forecasts, here the CRPSS decreases with299

increasing lead time. This is mainly due to the fact that the CRPS of the models (including the PersEns300

model) level off after a lead time of 3h. One may notice also that QR model 3 yields greater skill scores301

than the two other QR models and particularly for lead times greater than 3h.302
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Figure 6. PINAW diagrams for different values of forecast horizon and nominal coverage rate - Site
of Le Tampon.
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Figure 7. (a) PINAW for the 80% nominal coverage rate - Site of Le Tampon (b) PINAW for the 80%
nominal coverage rate - Site of Desert Rock
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Figure 8. (a) Relative CRPS - Site of Le Tampon (b) Relative CRPS- Site of Desert Rock

Table 2. CRPS and CRPS skill score (CRPSS) for the site of Le Tampon. CRPS values are in Wm−2 and
the CRPSS is in percentage.

Lead Time (h) Persistence QR model 1 QR model 2 QR model 3

CRPS CRPS CRPSS CRPS CRPSS CRPS CRPSS

1 104.7 69.1 34.0 68.6 34.5 66.2 36.7
2 114.0 88.4 22.4 91.1 20.1 84.0 26.3
3 118.1 97.9 17.1 102.0 13.6 90.6 23.3
4 118.7 100.5 15.3 104.6 11.9 92.3 22.3
5 117.6 101.5 13.7 103.1 12.4 91.8 21.9
6 115.9 101.7 12.2 102.4 11.7 91.6 21.0

Finally, in an attempt (the exercise here is obviously not exhaustive) to visually check the better303

skill of QR model 3, Figure 9 plots a few episodes (six days) of prediction intervals calculated by the304

four models for a lead time of 6h. The examination of these days is very instructive as it can be seen305

that, for day 6, several measurements lie outside of the uncertainty interval for QR models 1 and 2306

but not for QR model 3.307

In conclusion, and based on this detailed evaluation framework, we can argue that the inclusion308

of day-ahead ECMWF forecasts increases the forecasting quality of the probabilistic forecasts.309

8. Impact of the sky conditions on the quality of the probabilistic forecasts310

This section aims at assessing the impact of site variability on the probabilistic forecasting311

performance of the different methods. Table 3 gives the CRPS together with the CRPSS of the different312

models (except the QR model 3) for the site of Desert Rock. Let us recall that the site of Desert Rock313

experiences high occurrences of clear skies and exhibits a low annual variability.314

As shown by Table 3, the performance of the models in terms of CRPS is obviously better for the315

site of Desert Rock than for Le Tampon site. Indeed, for this site, the CRPS values for the QR models316

range from 30 Wm−2 to 48 Wm−2 which translates into 5.5% to 8.7% for the relative counterparts (see317

also Figure 8(b)). Again, the skill scores of the QR models methods demonstrate that these techniques318

outperform the reference PersEns model whatever the site under study. In other words, we can argue319

that the QR models offer a significant improvement over the PersEn model by an amount that is fairly320

independent of the sky conditions experienced by a site.321

Figure 7(b) shows the PINAW values for the 80% nominal coverage rate obtained for the site322

of Desert Rock. Here, PINAWs for the two QR models lie between 24% and 42% which correspond323

to prediction intervals’ width between 131 Wm−2 and 230 Wm−2. Let us recall that for Le Tampon324
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Figure 9. Measured and forecasted GHI time series and the corresponding 80%PI calculated by the
four models for a lead time of 6h. The graphs shows 6 days that cover different weather conditions in
the testing dataset.

site, the corresponding values were 341 Wm−2 and 455 Wm−2. This comparison confirms that the325

sky conditions have a clear impact on the forecasting quality of the probabilistic models. Similarly to326

point forecasts, we can conjecture a link between the variability of the site and the performance of the327

probabilistic models.328

Table 3. CRPS and CRPS skill score (CRPSS) for the site of Desert Rock. CRPS values are in Wm−2

and the CRPSS is in percentage.

Lead Time (h) Persistence QR model 1 QR model 2

CRPS CRPS CRPSS CRPS CRPSS

1 41.6 30.7 26.2 30.1 27.7
2 46.3 40.1 13.4 39.4 15.0
3 49.5 44.1 10.9 43.8 11.6
4 51.8 46.3 10.7 46.3 10.7
5 53.4 47.3 11.5 47.2 11.6
6 54.7 47.9 12.5 47.8 12.7

9. Main conclusions329

This work proposed a comparison of three probabilistic solar forecasting models. The simple330

linear quantile regression method was used to build the models. It was demonstrated that the331

incorporation of additional exogenous inputs provided by ECMWF forecasts into the quantile332

regression model clearly improved the quality of the intra-day probabilistic forecasts. Also,333

preliminary results showed an impact of the site variability on the forecasting performance of334

the different methods. Insular sites like Le Tampon, which exhibits higher solar variability due335

to clouds that are formed locally, are prone to have the worse forecasting performance than less336

variable (continental or insular) sites. Future work will be devoted to the evaluation of other337
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more sophisticated quantile regression methods such as quantile regression Forest ([19]), or quantile338

regression based on Neural Networks ([20].339
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The following abbreviations are used in this manuscript:347
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ECMWF European Center for Medium-Range Weather Forecasts
GHI Global horizontal solar irradiance
QR Quantile regression
EPS Ensemble prediction system
CRPS Continuous ranked probabilty score
PI Prediction interval
PICP Prediction interval coverage probability
PINAW Prediction interval normalized averaged width
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