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Abstract: Accurate solar radiation nowcasting models are critical for the integration of the increasing
solar energy in power systems. This work explored the benefits obtained by the blending of four
all-sky-imagers (ASI)-based models, two satellite-images-based models and a data-driven model.
Two blending approaches (general and horizon) and two blending models (linear and random forest
(RF)) were evaluated. The relative contribution of the different forecasting models in the blended-
models-derived benefits was also explored. The study was conducted in Southern Spain; blending
models provide one-minute resolution 90 min-ahead GHI and DNI forecasts. The results show that
the general approach and the RF blending model present higher performance and provide enhanced
forecasts. The improvement in rRMSE values obtained by model blending was up to 30% for GHI
(40% for DNI), depending on the forecasting horizon. The greatest improvement was found at lead
times between 15 and 30 min, and was negligible beyond 50 min. The results also show that blending
models using only the data-driven model and the two satellite-images-based models (one using high
resolution images and the other using low resolution images) perform similarly to blending models
that used the ASI-based forecasts. Therefore, it was concluded that suitable model blending might
prevent the use of expensive (and highly demanding, in terms of maintenance) ASI-based systems
for point nowcasting.

Keywords: solar energy; solar irradiance nowcasting; machine learning models blending; all sky
imagers (ASI); MSG satellite images

1. Introduction
1.1. Importance of Solar Radiation Nowcasting

During the next decades, an enormous new photovoltaic (PV) solar power will be
installed in many countries around the world [1]. This poses a formidable challenge regard-
ing the grid integration of this new solar power. In power systems, reliable information of
the solar generation available in the systems in the next minutes, hours and days is used
to procure additional reserves or adjust the output of conventional generators, ensuring a
balance between supply and demand. As a consequence, the development of accurate solar
power forecasting methods has become a central area of research in solar energy [2–4].

Solar forecasting methods can be classified according to three forecasting horizons:
nowcasting (up to 120 min ahead), short-term forecasting (up to 6 h ahead) and forecasting
(up to days ahead) [5–7]. In the last years, the interest for the development of solar radiation
forecasting methods has been moving from forecasting to nowcasting [8], fostered by the
massive deployment of small-scale PV systems. Nowcasting is relevant for the management
of residential-scale PV systems [9,10] and electricity systems with few interconnections as
well as for electricity marketing and pricing [11].
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1.2. Nowcasting Solar Radiation Methods

Nowcasting accounts for methods aimed at providing solar forecasts with very high
spatial (order of meters) and temporal resolutions (order of minutes). The reference meth-
ods are based on the use of all sky imagers (ASIs) [12,13]. The forecasting horizon can reach
about an hour [14,15]. ASI-based nowcasting has received notable attention in the last
decade, but its reliability is relatively low [16–18]. Despite this, ASI-based solar nowcast
has been successfully applied in several solar energy applications [19–22].

Short-term solar prediction reference methods are based on satellite imagery process-
ing [23–25]. Satellite-images-based short-term forecasts have a typical spatial resolution
of a few kilometers and a temporal resolution and latency of 15 min [26]. This makes the
application of these methods less suitable for solar radiation nowcasting. Nevertheless, due
to the availability of new satellite platforms, with enhanced spatial and temporal resolution,
such as the Meteosat Third Generation (MTG) [27] and Himawari-8 [28], the interest in this
method is increasing. Short-term forecasting has been successfully used for several solar
energy applications [29–33].

As solar radiation measured datasets are progressively available, and given the rapid
development of the machine learning (ML) methods, the use of these methods has become
increasingly popular in solar forecasting. ML methods are applicable to all forecasting
horizons, although they are mostly used for nowcasting studies. In addition, numerous
works have used PV measurements, instead of solar radiation data (for a review see [34,35]).
Yagli et al. [36] evaluated the performance of 68 different ML methods for hour-ahead solar
forecasting. They report that the tree-based methods performed better.

1.3. Models Blending

There is a lack of research comparing solar nowcasts derived from the different meth-
ods. In addition, it is well known that when different forecasting models with similar
accuracy are available, combined forecasts tend to provide enhanced forecasts [37]. By sim-
ply averaging the forecast, the bias and error variance can substantially be reduced in most
cases. In the field of solar forecasting, some successful attempts have been made to combine
data-driven satellite and NWP forecasts based on statistical techniques [38,39]. In a recent
work, Nouri et al. [40] derived a statistical method to combine persistence (data-driven)
and ASI-based solar radiation nowcasts in order to improve forecasts up to 20 min ahead.

The use of ML-based model blending approaches has been proposed as one of the most
promising applications of artificial intelligence in earth sciences research [41]. In the review
work of Zhou et al. [42], some important conclusions were obtained: (1) there is a severe
lack of studies attempting to combine different models inputs using ML, and (2) regardless
of the ML method used, the combination of different models’ inputs performs better than
any single model.

ML-based model blending methods can follow different approaches. Pedro et al. [43]
combined measured data and features extracted from ASI images to provide enhanced solar
radiation forecasts 30 min ahead. They found significant forecasting skills and concluded
that the use of ASI images is relevant for reducing the forecasting errors. Similar conclusions
were reported by [44] with forecasts up to 15 min ahead. A second approach consists in
the blending of different single ML-derived forecasting models, as in Heng et al. [11].
Following this approach, Fouilly et al. [45] built 11 different ML models to forecast solar
radiation in the Mediterranean region. Then, they developed a methodology to select one of
these models according to the meteorological conditions. The method provided enhanced
hourly forecasts up to 6 h ahead. Chaman et al. [46] developed a set of different ML models
to provide day-ahead global horizontal irradiance (GHI, hereinafter) forecasts, using the
NWP forecast as input. Then, in a second step, an optimal blending of the models was
obtained. The performance of the combined forecasts was found to be better than that of
any single model.

Lastly, another approach consists in using ML methods to blend different solar fore-
casting models, based on different foundations. Following this approach, Wolff et al. [47]
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used support vector machine (SVM) models to combine irradiance measurements, satellite
images and NWP solar forecasts. According to their results, the blended model provided
enhanced hour-ahead solar PV forecasts. Similarly, Mazorra-Aguiar et al. [48] used ML to
combine measured solar radiation, satellite images and NWP-based forecasts; the combined
models provided enhanced GHI forecasts up to 6 h ahead. Qing and Niu [49] developed a
blending model using different NWP models’ solar forecasts as input; they reported en-
hanced hourly day-ahead GHI forecasts. Dersch et al. [30] valuated an optimal combination
of satellite and NWP forecasting models, obtaining improved Direct Normal Irradiance
(DNI, hereinafter) forecasts. Finally, Huertas-Tato et al. [50] used SVMs methods to blend a
data-driven model, a satellite-images-based model and a NWP model; their results showed
that blending greatly outperformed the individual predictors.

1.4. Aim of this Paper

The aim of this work was to explore the benefits obtained by blending different solar
radiation nowcasting models using ML techniques. The models (seven), which include
data-driven, ASI and satellite-images-based models, provide one-minute time resolution
and up to 90 min-ahead GHI and DNI forecasts. The study was conducted in an area
located in Southern Spain using data corresponding to a set of days covering different
cloudy sky conditions. The potential for improving forecast accuracy by model blending
is worth exploring, as these models are based on different methods and provide similar
performance. Two ML blending approaches were explored: horizon and general. For each
approach, two different blending models were evaluated: random forest (RF) and linear.
A set of experiments was conducted in order to evaluate (1) the performance of the horizon
and general approaches and the RF and linear models, and (2) the relative contribution
of the different forecasting models to the forecasting errors values reduction attained by
the models blending. To the best of the authors’ knowledge, the blending of data-driven,
ASI-based and satellite-images-based models for solar radiation nowcasting has not been
addressed to date.

This work is organized as follows. Section 2 presents the dataset and the different
nowcasting models. Section 3 describes the methods, presenting the different blending
approaches and blending models, as well as the assessment procedure. The results are
presented and discussed in Section 4. Finally, a summary is provided in Section 5.

2. Dataset and Models Input Description
2.1. Dataset and Study Region

This study was conducted in the area of the Abengoa Solar Platform of Solúcar (6.25W,
37.44N) (Figure 1), located near Seville, in Southwestern Spain. The datasets used in this
study to build and evaluate the forecasting models include (1) ground measurements,
(2) ASI images, and (3) low- and high-resolution satellite images. Within the platform
(Figure 1), a set of three ASIs, a ceilometer and a radiometric station are located. The ASI-
based forecasts were derived from images collected simultaneously by the three cameras
and the ceilometer data. For satellite-images-based forecasts, Meteosat Second Generation
(MSG) SEVIRI standard visible channels 1, 2 and HRV images, all with a latency of 15 min
(full disk) are used. Images from these channels are available every 5 min (quick-scan
mode) but with limited spatial coverage. Satellite raw images are transformed according
to an azimuthal equidistant projection in order to have a spatial resolution of 5 × 5 km
(channels 1 and 2) and 1 × 1 km for the HRV channel images. Data from the radiometric
station were used for deriving a data-driven reference model and for validation purposes.
This radiometric station includes an Eppley Black and White pyranometer and an Eppley
NIP pyrheliometer. Raw data were quality-check analyzed according to the procedures
defined by Long and Dutton [51]. In addition, raw data greater than 75◦ of solar zenith
angle were discarded by this procedure.

Finally, a dataset collected along 43 days, from June to October 2015, was used in this
work. The dataset is composed mostly of cloudy sky conditions (altocumulus, cirrocumulus,
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cumulus, stratocumulus and multicloud). Therefore, the artificial improvement of the
forecasting skill obtained by clear sky conditions was limited. In order to reach the longest
possible forecasting horizon, only cases where the clouds moved toward the northeast
direction were considered. Note that the validation station is located northeast of the ASI
positions (Figure 1).

Figure 1. Location of the Abengoa Solúcar platform, and spatial distribution of the three cameras,
ceilometer and radiation ground data station.

2.2. Models Input Description

A set of seven nowcasting models (hereinafter input models) was used in this study;
the models and their main characteristics are listed in Table 1. The models were presented
and validated in [14]. For each model, a set of GHI and DNI nowcasts are available, with a
time resolution of one minute and a forecasting horizon up to 90 min. Only samples
(forecasts) available for every ASI and satellite model at a given horizon were considered.
As observed in Figure 2, the number of samples available decreases with the forecasting
horizon. The relatively low number of samples for longer horizons is due to the limited
viewing area of the sky covered by ASIs. Only in certain cases (quasi-stationary clouds
and/or high medium/high clouds) do the ASIs provide 90 min-ahead nowcasts. A total of
88,650 valid forecasts (for every model) were used to build and evaluate the different ML
blending models.

Table 1. Nowcasting models included in the study, along with their main characteristics.

Model Input Acronym Model Main Characteristics

ASI-1, ASI-2 and ASI-3 Single ASI-based, forecasts spatial resolution ∼meters
ASI-mean Mean of the ASI-1, ASI-2 and ASI-3 models forecasts
Sat-LR Low Resolution satellite-images-based forecasts, 5 km spatial resolution
Sat-HR High resolution satellite-images-based forecasts, 1 km spatial resolution
Smart-Persistence Smart persistence (data-driven) model, no error at lead time 0
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Figure 2. Forecasting samples available as a function of the forecasting horizon. The black line
represents the total number of samples, the yellow line represents the training dataset samples (2/3)
and the red line represents the validation dataset samples (1/3).

Four input models were derived from the three ASI located in the study area. ASI-
based forecasts are obtained by processing two consecutive images (at one-minute time
step). The processing encompasses several steps. Firstly, a georeferentiation procedure is
applied with the aim of cropping a reliable portion of the distortion-corrected sky image
and deriving the size estimation of each pixel (length/pixel ratio). To this end, the cloud
base height derived by the ceilometer is used. Secondly, an algorithm is used to determine,
for each pixel of the image, whether the pixel corresponds to a cloud or a portion of clear sky,
or whether it is a null-value pixel. In this work, the hybrid thresholding algorithm (HYTA)
described in [52] was used. In the third step, the so-called cloud motion vectors (CMVs)
are estimated using the DeepFlow algorithm [53]. These CMVs represent the apparent
cloud displacement by comparing two consecutive images. In a further step, the images
are advected into the future, at the forecasting horizon of interest, using the CMVs (CMVs
are selected in a specific direction in order to increase the maximum forecasting horizon).
Then, each image is inspected in order to determine the characteristics of the sky around
the validation station. From this information, finally, DNI and GHI forecasts can be derived
with the help of a clear sky model; in this work, the ESRA [54] model was used. DNI
forecasts are directly derived as the product of the clear-sky DNI estimation and 1-CF,
where CF is the cloud fraction value. This CF value is computed as the ratio of the
numbers of cloudy pixels to the total amount of valid pixels in a circle containing the sun.
The GHI forecasts are derived following the procedure proposed by [12]. The method
firstly computed the clearness index (ratio between GHI measured and GHI of clear sky
called Kc, hereinafter) from the GHI measured values 30 min before the forecasts were
issued. Then, using a K-means clustering algorithm, two representative Kc values were
obtained. If the CF value was greater/(lower) than 0.4, the lowest/(highest) Kc value was
selected. Finally, the GHI forecasts were computed as the product of the selected Kc and
the corresponding clear-sky GHI estimation. Based on this procedure, three ASI-based
forecasting models inputs were obtained (hereinafter ASI-1, ASI-2 and ASI-3). The fourth
model input (hereinafter ASI-mean) was obtained by averaging the ASI-1, ASI-2 and ASI-3
models forecasts at each time step.

Two satellite-images-based forecasting input models were used in the study. The mod-
els used images corresponding to several channels of Meteosat Second Generation (MSG)
geostationary satellites [55], operated by the European Organization for the Exploitation of
Meteorological Satellites (EUMETSAT). The procedure to derive the GHI and DNI forecasts
from the satellite images was similar to the procedure used in the ASI-based forecasts.
Firstly, the so-called cloud index (CI) image was computed from the satellite images. The CI
image represents the state of the sky at each pixel using a number whose value ranges
from 0 (cloudless pixel) to 1 (overcast pixels). In this study, the Heliosat method [56] was
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used to derive the CI. In a second step, two consecutive CI images were compared, using
two algorithms to derive the CMVs: the OpenPIV [57] algorithm for the low-resolution
MSG images, and the deep flow approach for the high-resolution MSG images. In addition,
the streamlines of the cloud movements were computed from the CMVs field following [58].
The streamlines account for the trajectory and velocity of the clouds displacement. Once
the streamline has been calculated, the pixels above the validation station at each time
step can be identified in the satellite image. Using these streamlines, the satellite models
forecasts temporal resolution and latency were increased to one minute, in order to match
the characteristics of the ASI-based forecasts [14]. Finally, a clear-sky model was used to
derive the GHI and DNI forecasts. Following this methodology, the two satellite-images-
based models used in this study were obtained. The first one (hereinafter Sat-LR) uses the
low-resolution MSG channels (channels 1 and 2) to derive the CI images and has a spatial
resolution of 5 km. The second one (hereinafter Sat-HR) uses the high-resolution MSG
channel, which has a 1 km spatial resolution.

Lastly, a data-driven model was used in this study, based on the GHI and DNI data
measured at the validation station. This model (hereinafter Smart-Persistence) uses the ratio
between the radiation measured at the time the forecast is issued and the corresponding
clear sky value. Then, at each forecasting horizon, the forecast is computed as the product
of this ratio and the corresponding clear-sky value (Equation (1)):

I(t) =
I0

Iclearsky
· Iclearsky(t), (1)

where I0 is the measured radiation value at the time the forecast is issued, Iclearsky is the
corresponding clear-sky estimate, and Iclearsky(t) is the clear-sky irradiance estimate at
forecasting horizon t . This approach ensures that the Smart-Persistence model error at
lead 0 min (time at which the forecasts are issued, t = 0) is 0. Other persistence models
use the measurements of the previous instant (t = −1). The temporal resolution of Smart-
Persistence is 1 min and I stands for both the GHI and DNI. As in the case of ASI-based
and satellite-based forecast models, the ESRA clear-sky model was used. Smart-Persistence
models, while basic, tend to provide reliable forecasts for the first few minutes of lead time.
These models are used for benchmarking more complex forecasting models.

3. Methods

This section describes the methodology followed to obtain the blending models. Firstly,
the two different blending approaches used in this study (general and by horizons) are
explained. Secondly, the ML techniques used (RF and linear) are described. Thirdly,
the evaluation procedure is presented. Finally, the different experiments conducted and
evaluated are presented.

3.1. Horizon and General Approaches

The blending approach consists in developing ML models using as input the irradiance
forecasts of the seven models M1, M2, ..., M7 described in the previous section. The blend-
ing ML model provides at each time point (t) a new irradiance forecast (I) for different
forecasting horizons (h). This prediction is provided at 1 min time steps, constituting the
ML combination of the seven Mi irradiance prediction models. In this work, 90 forecast-
ing horizons with 1 minute steps were considered. Depending on the structure used to
train the ML blending models, two different approaches can be considered: the horizon
approach and the general approach. In the horizon approach, a model was constructed
for each forecasting horizon using training data from that horizon only. In the general ap-
proach, a single model was constructed and trained with all the forecasting horizons. These
two approaches are described in Appendix A, and more information can be obtained in [50].
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3.2. Machine Learning Algorithms

The blending ML models described in Section 3.1 and Appendix A were estimated
using a linear approximation and RF. The linear approximation consisted in a linear combi-
nation of the model inputs and RF is the non-linear ML method used in this work. Both
methods are explained in detail in Appendix B.

3.3. Model Blending Experiments

A set of experiments was conducted, involving different sets of the seven models’
inputs described in Section 2.2 (Table 1), and using the two blending approaches and the
two blending models. Figure 3 shows a outline of the procedure. The experiments were
aimed, firstly, at determining the best performing blending approach (horizon vs. general)
and blending model (RF vs. linear) and, secondly, at evaluating the relative importance of
the different input models in the blending models’ performance. Table 2 lists the sets of
inputs models involved in the experiments, using acronyms for the sake of conciseness.
All the sets included the Smart-Persistence model. The set acronyms with the word “Sat”
included one of the satellite-images-based input models, or both. The sets with the word
“ASI” included some/all of the ASI-based input models. In experiments using only an
ASI-based model, the ASI-1 was selected. No differences were found using ASI-2 or ASI-3.
Note that the three ASIs are located relatively close to each other and are the exact same
instrument model.

  

Linear

Blending 
experiments

Horizon General

Blending model Blending model

Linear RFRF

Blending 
experiments

Blending 
experiments

Blending 
experiments

Figure 3. Flow chart of the procedure used to evaluate the blending approaches and the blend-
ing models.

Table 2. Sets of input models involved in the different experiments evaluated in this work.
The acronyms of the set are listed in the left column and the model inputs involved are listed
in the right column.

Name of Input Models Set Models Input Involved

Sat-LR Sat-LR, Smart-Persistence
Sat-HR Sat-HR, Smart-Persistence
ASI ASI-1, Smart-Persistence
Sat-LR & ASI Sat-HR, ASI-1, Smart-Persistence
Sat-HR & ASI Sat-HR, ASI-1, Smart-Persistence
Sats Sat-LR, Sat-HR, Smart-Persistence
Sats & ASI ASI-1, Sat-LR, Sat-HR, Smart-Persistence
Sats & ASIs ASI-1, ASI-2, ASI-3, Sat-LR, Sat-HR, Smart-Persistence
Sats & ASI-mean ASI-mean, Sat-LR, Sat-HR, Smart-Persistence
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Based on the sets of models inputs listed in Table 2, and following the procedure
showed in Figure 3, different studies were conducted. In the first study, a set of experiments
was carried out using, for each set listed in Table 2, the two blending approaches (horizon
and general) and the two blending models (linear and RF) (i.e., 36 experiments for the GHI
and DNI). This study was aimed at determining the best performing blending approach
(horizon vs. general) and blending model (linear vs. RF). The results from this study are
presented in Section 4.1; only one of the blending approaches and one of the blending
algorithms were selected and further considered in the study.

In the second study, a thorough analysis was conducted to determine the importance of
the different input models in the model blending results. Notably, in this study, the relative
contribution of the ASI-based and satellite-based models to reduce the forecasts errors was
assessed. The results of this analysis are presented in Section 4.2.

In a third study (Section 4.3), the performance of the different blending models as a
function of the forecasting horizon was assessed.

Finally, as a method to evaluate the real benefit attained by the ML blending pro-
cedures assessed in this work, the results of the best performing blending experiments
were compared using two models. The first model was obtained by simply averaging
all the models inputs listed in Table 1 (hereinafter the average model). Note that this
is a trivial model blending approach. The second model is a more stringent reference
model, constructed based on the best forecast for each horizon as derived from all the input
models (hereinafter the optimal model). Note that this model cannot be used in operational
forecasting, since the best-performing forecasts at each horizon are unknown beforehand.
Nevertheless, it can be used as a stringent reference to compare the performance of the
model blending approaches considered in this work. The results of this assessment are
presented in Section 4.4.

3.4. Evaluation Procedure
3.4.1. Training and Evaluation Datasets

The model-blending procedure requires a training and validation dataset. In this
work, the dataset was divided into two randomly selected groups: 2/3 of the dataset was
used for training the models and the other 1/3 for an independent validation. In order to
conduct a fair validation, the dataset was firstly divided in 2 h packages. Then, training and
validation datasets were filled by randomly selecting the 2 h packages. This reduced the
eventual influence on the models performance of solar radiation time series autocorrelation.

3.4.2. Evaluation Metrics

In this work, two metrics were used: the relative root mean squared error (rRMSE,
Equation (2)) and the forecast skill (FS) in terms of RMSE of the Smart-Persistence method
(Equation (3)):

rRMSE(t) =

√
1
N ∑N

i=1(Iforecast(t,i) − Imeasured(t,i))
2

1
N ∑N

i=1 Imeasured(t,i)
, (2)

FSRMSE(t) =
(

1− RMSEforecast(t)
RMSESmartPersistence(t)

)
, (3)

where N is the total number of samples, I corresponds to GHI or DNI, and RMSESmartPersistence
is the RMSE corresponding to the Smart-Persistence forecast model.

3.4.3. Feature Importance

One of the advantages of the RF blending model is that a parameter called feature
importance can be easily calculated. This parameter provides information about the
importance of the input variables used to build the RF model. In this work, the mean
decrease impurity (MDI) was used [59,60]. This value is computed by the RF method in
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the scikit-learn Python library [61] by adding the mean squared error decrease provided
by a particular variable every time the variable is used in a node in the tree for splitting
the training samples (as was explained in Section 3.2). The mean squared error reduction
is weighted by the number of samples split by the node where the variable is used. This
value is averaged across all trees in the ensemble. Therefore, in this study, the MDI value
provides information about the importance of the different models inputs in the forecasting
error reduction attained by the RF model blending. It is important to remark that MDI
measures the importance of features, not in an absolute way, but relative to the model
that uses them. Thus, a feature with a low MDI is not necessarily irrelevant for the task
at hand, as it may rather mean that the model does not find that feature useful, probably
because other features that provide similar or better information are used in its place. This
insight is particularly important for trees, as they choose features in order, from the root
node to the leaves. Therefore, once some features are selected for the top nodes in the tree,
new variables are chosen (with preference to others) only if they provide new information,
in addition to the information provided by the already selected variables.

4. Results and Discussion
4.1. Assessment of Blending Approaches and Models

In this section, the overall performance of the different blending approaches (Section 3.1)
and blending models (Section 3.2) is assessed. To this end, a set of experiments (Section 3.3),
alternately using the general and horizon blending approaches and the linear and RF blending
models, is evaluated (Figure 3). Table 3 lists the validation rRMSE values derived from these
experiments for both GHI and DNI forecasts. The rRMSE values were derived considering all
the forecasts (88,650 samples), regardless of their forecasting horizon.

The results in Table 3 clearly indicate, firstly, that the general approach provides more
accurate forecasts than the horizon approach. This is observed for both GHI and DNI,
and regardless of the blending model. Secondly, Table 3 shows a superior performance of
the RF blending model for experiments using the general approach. These experiments
obtained rRMSE values about one third lower than those obtained by the linear model.
For the experiments using the linear model, almost no differences were observed between
the experiments using the general and horizon approaches. It was detected that DNI
forecasting error values tended to be about twice the corresponding GHI counterpart value.
Finally, given a blending approach and blending model, differences in the performance of
the different experiments tended to be relatively low.

Table 3. Evaluation results of a set of experiments using the general and horizon blending approaches
and both the linear and RF blending models. The rRMSE(%) values of the experiments are displayed
for both the GHI and DNI forecast. Error values are computed considering all the forecasts samples,
from 1 to 90 min-ahead forecasts. Bold text indicates the best-performing experiments for GHI and
DNI forecast.

Blending
Model

Blending
Approach

Models Input Set

Sat-LR Sat-HR ASI Sat-LR
& ASI

Sat-HR
& ASI Sats Sats

& ASI
Sats

& ASIs
Sats

& ASI-mean

GHI
RF General 30.7 31.0 35.1 27.1 28.1 22.9 21.8 22.8 21.9

Horizon 33.7 34.7 37.9 33.0 34.0 32.5 32.9 32.4 32.5

Linear General 32.9 33.0 35.8 32.6 32.8 31.9 31.8 31.7 31.7
Horizon 32.8 33.6 36.9 33.0 34.2 32.7 33.0 33.3 32.9

DNI
RF General 58.8 56.5 65.0 57.2 60.0 42.2 43.2 43.6 43.5

Horizon 63.5 67.0 70.2 64.7 67.2 62.2 64.3 64.1 63.0

Linear General 62.3 63.3 67.3 62.2 62.7 61.2 61.0 60.8 60.5
Horizon 61.5 63.9 70.8 63.4 65.9 61.0 62.6 62.4 61.3
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To sum up, the main conclusions that can be derived from the analysis of the results
in Table 3 is that the general approach using the RF model (hereinafter the General-RF
experiments) provides enhanced forecasts. This was observed for all the experiments and
for both GHI and DNI, with Sats & ASI being the best-performing experiments (rRMSE
21.8%) for GHI and Sats (rRMSE 42.2%) for DNI forecasts. Additional analyses (not
shown) were conducted using other evaluation scores (RMSE, MAE and rMAE), and the
same conclusions were derived. This confirms the reliability of the models’ performance
differences presented in Table 3.

To date, few works have compared general and horizon approaches in the field of
solar forecasting. In a previous work [50], these approaches were compared for intra-day
solar forecast; the general approach was also found to perform better. Chaman et al. [46]
compared the performance of models aimed at providing day-ahead forecasts for all the
sunny hours of the day and models specifically trained for each hour of the day. Similar
to the results obtained from this study, the forecasting performance of one-for-all-hour
models was found to be better than that of the hourly models. The rationale behind these
results could be related to the number of samples available for each approach. While the
general approach procedure uses all of the available samples, the horizon approach uses
a much more limited number of samples at each forecasting horizon. This may limit the
performance of the horizon approach. On the other hand, autocorrelation of the solar
forecasts, and their forecasting errors, may help in reducing the forecast errors when using
the general approach. Regarding the blending model, the superior performance of the RF
approach was previously reported. For instance, Fouilly et al. [45] evaluated 11 different
ML models for hour-ahead solar forecasts in the Mediterranean region. The RF model
was found to provide a superior performance under highly variable weather conditions
(i.e., the most stringent). Non-linear blending models were also found to be superior [46].
In general, nonlinear ML methods, and especially tree-based methods, have been reported
to outperform other approaches regarding solar radiation forecasting [36]. The rationale
behind these results may be related to the complex and nonlinear dependencies of solar
radiation, which are better accounted for by tree methods. Given the previous results, only
the General-RF experiments results are considered and analyzed in the following sections.

4.2. Assessment of the Importance of the Models Inputs

The results from the previous sections reveal that the experiments using the general
approach and RF model provide the best performance. In this section, the relative impor-
tance of the different model inputs in this experiments is further assessed. To this end,
firstly, the results from different experiments using different combinations of model inputs
were compared and, secondly, the “feature importance parameter” of the RF blending
model procedure was analyzed.

The results in Table 3 for GHI (first row) reveal that the General-RF experiments using
the two satellite and the ASIs-based model inputs, i.e., Sats & ASI-mean, Sats & ASI and
Sats & ASIs experiments, provide enhanced forecasts, with the rRMSEs values associated
with these experiments being very similar (21.9, 21.8 and 22.8%, respectively). Note that
the use of more than one ASI model does not improve the results. Results also reveals that
the experiment that just included both satellite model inputs (Sats) provided a similar per-
formance (22.9%) with respect to the experiment that used both satellites and, additionally,
some ASI-based model as input. Lastly, the experiments that only used one of the two
satellite models and the ASI model as inputs (Sat-LR & ASI and Sat-HR & ASI) provided
considerably higher forecasting errors (27.1% and 28.1%, respectively). Similar conclusions
can be derived for the DNI (fifth row in Table 3). Finally, it is worth noting the low per-
formance, both for GHI and DNI, of the experiments that included the Smart-Persistence
model and only one of the image-based models (ASI, Sat-LR and Sat-HR).

From this analysis, several conclusions can be derived. Firstly, regarding the use of the
ASI-based models, no significant differences were observed when using only one camera
model input (any of the three available) or using the mean of the three models. Similar
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results, regarding the importance of the ASI input in blending models, were found in
previous studies [43,44]. Secondly, and more important, the blending models that used
the two satellite model inputs (Sats), with no ASI model input, provided very competitive
forecasts, performing similarly to those blending experiments that used as input some
of the ASI-based models too. Therefore, the use of the two satellite models as inputs is
always necessary to derive accurate forecasts, while the use of the ASI-based models can
be avoided.

In order to explore further the relative importance of the different input models in the
blending experiments results, an additional analysis was conducted. Notably, the feature
importance (explained in Section 3.4.3) in the General-RF blending model procedure was
analyzed for two experiments: Sats and Sats & ASI (best-performing ones). The analysis of
these two experiments allowed evaluating the relative importance of the Smart-Persistence,
Sat-LR, Sat-HR and ASI input models in the model blending results. The results of this
analysis are presented in Figure 4.
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Figure 4. Feature importance (%) of the different model inputs for the General-RF Sats and Sats & ASI
experiments. The values are displayed for GHI (left) and DNI (right).

Regarding GHI (Figure 4 left), the most relevant input model for the Sats & ASI
experiment (the best performing one) was Sat-LR (36% importance), followed by Sat-HR
(28%) and ASI model (23%). The least important model was the Smart-Persistence model
(13%). The results for the Sats experiment reveal that, again, the Sat-LR input model was the
most relevant (38%). The second-most-important model was Sat-HR (36%), while Smart-
Persistence was the least-important model (26%). Based on the fact that the performance of
the two blending experiments (Sats & ASI and Sats) was very similar (Table 3, first row),
some conclusions can be derived from the above results. Firstly, the most important model
input for all the experiments was the low-resolution satellite (Sat-LR) model. Sat-LR is more
important that the Sat-HR, even its coarser resolution. This could be related to the reliability
of the solar radiation estimates: while the Sat-LR uses information from two channels,
the Sat-HR uses information from only one [14,62]. It has been shown that solar radiation
estimates and forecasts derived from the low resolution images outperformed the estimates
derived from the high-resolution ones under cloudy conditions [14,63]. Nevertheless,
the contribution of the Sat-HR model is critical, and the performance of the experiments
that do not use this model is poor. This indicates that the high-resolution images provide
valuable information not contained in the low-resolution images, probably related to
the spatial variability of the solar radiation, in the blending procedure. Secondly, since
the feature importance of the Sat-LR model input was similar in the Sats & ASI and
Sats experiments (36% and 38%, respectively), it can be concluded that the forecasting
information derived from the ASI-based model can be extracted, based on the blending
procedure, also from the Smart-Persistence and the Sat-HR model. Note that the feature
importance of the persistence model increased from 13% in the Sats & ASI experiment to
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26% in the Sats experiment. Similarly, the importance of the Sat-HR increased from 28%
to 36%. Therefore, the relative contribution of Smart-Persistence and Sat-HR seems to be
similar in providing the ASI-derived forecasting information.

The results differ for DNI (Figure 4 right). The most relevant input model for the
Sats & ASI experiment was the Sat-LR, as in the case of GHI (34% importance). However,
the second-most-important model was the Smart-Persistence model (27%), and the third-
most-important model was Sat-HR (25%). The least-important input model was the ASI
model (14%). The results for the Sats experiment (the best-performing one) reveal that,
again, the Sat-LR satellite input model was the most relevant (37%). The other two input
models, i.e., persistence and Sat-HR, proved to be of very similar importance (32% and
31%, respectively). As for GHI, it can be concluded that the forecasting information derived
from the ASI-based model can be extracted, based on the blending procedure, from the
Smart-Persistence and the Sat-HR input models. The main difference between the GHI and
DNI results is the enhanced role of the Smart-Persistence input model and the diminished
role of the ASI-based input model for the DNI forecasts compared to the GHI ones.

Overall, the results from this section show that the inclusion in the blending model
of ASI-based and satellite-based forecasts provides enhanced GHI and DNI. However,
the results also show that the blending of only the data-driven model and the two satellite-
images-based models (one using high-resolution images and the other using low-resolution
ones) performs similarly to those blended models that used the ASI-based forecasts. There-
fore, the use of ASI-based forecasting systems, which are expensive and highly demanding
in terms of maintenance, can be avoided. As was reported by Samu et al. [8], the use of ASI-
based forecasts is nowadays seen as challenging by potential users in energy applications,
due to both the cost of the systems and their relatively low performance.

4.3. Forecasting Horizon Dependency

In the previous section, the overall performance of the different experiments was
assessed. In this section, the performance of the experiments as a function of the forecasting
horizon is assessed. A study of the feature importance as a function of the forecasting
horizon cannot be conducted for the general approach. Figures 5 and 6 show, respectively,
the rRMSE and FS values for the nine experiments conducted using the General-RF blending
model, whose overall results are listed in Table 3. The values are represented as a function
of the forecasting horizon.
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Figure 5. rRMSE values (%), as a function of the forecasting horizon, for the nine experiments
conducted using the general approach and the RF model. Ninety-minute-ahead one-minute time
resolution forecasts are displayed at the left for GHI and at the right for DNI.
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Figure 6. As in Figure 5 but for the forecasting skill (FS).

The analysis of both figures reveals three important results. Firstly, the poor per-
formance of the experiments that include just one image-based model along the whole
forecasting window is evident, as may be expected from the results analyzed in the previ-
ous sections. Secondly, the differences in the experiments performance are mostly limited
to forecasting horizons below 45 min. Therefore, the differences in model blending perfor-
mance listed in Table 3 are mainly related to the 1–45 min forecasting horizon range. This is
observed for both the GHI and DNI forecasts. Lastly, the three experiments that include both
satellites and the ASI input models (Sats & ASIs, Sats & ASI and Sats & ASI-mean) provide
slightly enhanced forecasts along 1–45 min (Figure 6). On the other hand, the two experi-
ments that used just one of the satellite-derived forecasts (Sat-LR & ASI or Sat-HR & ASI)
provided a poor performance at lead time below 45 min, particularly for DNI. The per-
formance of the Sats model is particularly outstanding since, along the whole forecasting
period, it provided competitive forecasts for both GHI and DNI. In addition, it is the best-
performing model at some lead times for DNI. Maximum differences in the experiments
performance occurred at lead times between 10 and 30 min, and they are considerably
higher for the DNI forecasts. For instance, for GHI (Figure 5 left), differences in the rRMSE
values between models in this forecasting window were up to about 15% in absolute terms
(15% vs. 30%, i.e., a 100% relative difference). In the case of DNI (Figure 5 right) differences
reached 40% (40 vs. 80%, i.e., a 100% relative difference). Differences in FS values for GHI
(Figure 6 left) reached 0.25 in this time window (0.5 vs. 0.75), while for DNI (Figure 6 right),
differences close to 0.5 were observed. Therefore, this forecasting window is where the
model blending provides the highest added value.

Figure 6 reveals some additional characteristics of the experiments’ performance.
Firstly, the skill of all the experiments is considerably low at the beginning of the forecasting
window, at lead times between 1 and 5 min. This was observed for all the experiments and
both GHI and DNI. This means that the persistence model plays a central role in the blended
model at these horizons. On the other hand, the maximum FS values were observed at
around the 20 min forecasting horizon for all the experiments, being slightly higher for
the GHI forecasts. This indicates that the satellite images and ASI-based models provide
the most relevant contribution to the blending around this forecasting time. This could
be related to the spatial information provided by these images that contains information
about the spatial variability of the clouds and, therefore, of the solar radiation in the next
few minutes. Beyond 20 min, its seems that the value of this spatial information is reduced,
probably due to the “frozen clouds” assumption of the image-based forecast models.
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That is, cloud shapes evolve and change over time due to thermodynamic processes. It
seems that beyond 20 min, on average, the clouds change so dramatically that information
collected 20 min earlier begins to lose meaning, adding little to the information provided
by the measurements.

An additional feature observed in Figure 6 is that the skill of the Sat-HR & ASI and
Sat-LR & ASI experiments for DNI was considerably lower than that of the corresponding
GHI experiments along the whole forecasting period. As was observed, the FS values of
these two experiments are hardly ever greater than 0.25 for DNI, while for GHI, FS is above
this value along almost the whole forecasting window. This may be related to the very
low skill of the ASI-based models for DNI forecasts compared to GHI forecasts [14]. DNI
nowcasting is much more challenging that GHI nowcasting, and ASI-based models provide
scarce “added value” to the Smart-Persistence model for DNI point nowcasting. Lastly,
and most importantly, Figures 5 and 6 reveal, as was previously highlighted, that the Sats
experiments performance was similar to that of the experiments that used both satellites
combined with any of the ASI-derived input models. This is true for the whole forecasting
horizon and for both GHI and DNI.

The results are particularly outstanding at the first lead times (from 1 to 5 min).
In this forecasting window, the experiments Sat-HR, Sat-LR, ASI, Sat-HR & ASI and
Sat-LR & ASI, which do not include both satellite models, provided almost no skill for
DNI. Nevertheless, the Sats provided a FS value similar to that of the best experiments
(Sats & ASIs, Sats & ASI-mean and Sats & ASI), which includes some of the ASI models as
input. Therefore, the model blending procedure was particularly successful in the blending
of the two satellite model inputs and for DNI.

4.4. Model Blending Comparison

From the previous analyses, it is clear that General-RF is the best-performing model
and Sats & ASI and Sats are the best combination of the input models, for GHI and
DNI forecasts, respectively. These blending models were evaluated based on the relative
performance of different model inputs combinations and using the persistence model as
reference (FS). A final analysis was conducted in order to assess the real “added value” of
the ML-based blending model obtained in this work. To this end, the performance of these
two models was compared against a trivial blending approach (average model), and against
a stringent reference model based on the best of all single input models (optimal model),
both described in Section 3.3.

Figures 7 and 8 show, respectively, the rRMSE and FS for GHI and DNI for these
models. For the GHI, the Sasts&ASI model outperformed both the average and optimal
models for almost all the forecasting horizons. In the case of DNI, the Sats model also
outperformed both the average and optimal models.

Regarding the rRMSE values (Figure 7), maximum differences were observed in the
forecasting period between 15 and 30 min; in this time window, differences of about 30%
(15% vs. 45%) for GHI and 40% (80% vs. 40%) for DNI were obtained. Minimum differences
appeared at about 50 min ahead, where the performance of the four models was similar.
Similar results were observed for FS (Figure 8). For GHI, the Sats & ASI model showed
a FS value about 0.5 higher than the reference models. The results for DNI are similar,
although the differences in the FS values of the Sats model, as well as the average and
optimal models, are greater than in the case of GHI. For DNI at the beginning of the
forecasting period, at lead times lower than 20 min, the average model outperformed the
optimal one. In this window, the optimal model did not show skill (i.e., the optimal model
was Smart-Persistence). This means that, for DNI forecasting, the trivial combination
(average) of the models inputs reduced the forecasting errors compared to any of the
models inputs at lead times between 1 and 20 min, approximately. That is, there was a
forecasting error compensation between the different model inputs for DNI. On the other
hand, at lead times between 45 and 60 min, approximately, the optimal model outperformed
the average one.
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The results from this analysis clearly show the added value of the ML-based blending
explored in this study. It was found that these procedures reduced the forecasting bias
and error variance at a level considerably higher than the reduction attained by the simple
averaging of the forecasts of different input models.
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Figure 7. rRMSE values (%), as a function of the forecasting horizon, for the best-performing
experiments for GHI (Sats & ASI) and DNI (Sats) and the two reference models (average and
optimal).
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Figure 8. As in Figure 7, although for the forecasting skill.

5. Conclusions

This work evaluated the benefits obtained by the blending of ASI-based models,
satellite-imagery-based models and a data-driven model for solar radiation nowcasting
by means of ML methods. These methods are aimed at providing enhanced 90 min-ahead
one-minute resolution GHI and DNI forecasts.

Several contributions were derived from this study. Firstly, two blending approaches
(General and Horizon) and two blending models (RF and Linear) were evaluated. The re-
sults show that the General approach and the RF blending model perform better and
provide enhanced forecasts. Therefore, it can be concluded that this blending model
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approach and blending model seem to be an appropriate choice for deriving improved
solar nowcasts.

The second contribution of this work is the evaluation of the relative role of the
different forecasting models in the benefits obtained by the blended models. The results
show that the inclusion in the blending model of ASI-based and satellite-based forecasts
provides enhanced GHI and DNI. However, the results also show that blending models
using only the data-driven model and the two satellite-images-based models (one using
high-resolution images and the other using low-resolution images) perform similarly than
those blended models that used the ASI-based forecasts. The analyses suggest that the
combination of the information derived from the measured data and the two satellite
images can mimic the information derived from the ASIs, with respect to the solar radiation
nowcasting. Therefore, it can be concluded that, for point nowcasting, the use of expensive,
and highly demanding in terms of maintenance, ASI-based forecasting systems can be
avoided by using a suitable blend of satellite-image based and data-driven forecasting
models. However, it should be highlighted that ASIs are able to provide high-spatial-
resolution solar-radiation nowcasting maps. Therefore, in applications requiring spatially
resolved forecasts, the use of ASIs may be still preferable. With the availability of new
satellite platforms, aimed at monitoring solar radiation at the Earth’s surface with enhanced
spatial and temporal resolutions, satellite-based models may be competitive, even for these
spatially resolved applications.

The third contribution its the assessment of the performance of the blending models as
a function of the forecasting horizon. The results show that differences in the experiments’
performance are mostly limited to forecasting horizons below 45 min.

The last contribution of this work is the quantification of the real added value of
the ML model-blending procedures regarding solar radiation nowcasting. To this end,
ML blended models performance obtained in this study was compared with appropriate
blended reference models (trivial models averaging). From the results of such comparison,
it can be concluded that ML blending procedures provide a remarkable benefit at lead
times below 50 min, while beyond this horizon, benefits are low. The maximum added
value was observed at lead times between 15 and 30 min, where differences in rRMSE
between the proposed blending models and the reference models were about 30% (15% vs.
45%) for GHI and 40% (40 vs. 80%) for the DNI forecast, and FS differences reached 0.5 for
both variables.

It should be noted that the accuracy of the satellite and ASI nowcasting models evalu-
ated in this work can be improved by following different approaches. For example, for the
satellite models, improved georeferencing procedures [63–65] or parallax correction [66]
can be used. Furthermore, for both the satellite and the ASI models, procedures can be used
to account for the differences in the cloud properties in order to improve the solar radiation
estimates [67,68]. As future research, it would be of interest to evaluate the influence of
these improvements in the blending results discussed in this work.
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Appendix A. Horizon and General Approaches

The horizon approach consists of constructing as many ML blending models as fore-
casting horizons, one for each horizon (T in our study case). Figure A1 shows the scheme of
the horizon approach, with BMHh being the blending model for horizon h, with h = 1,. . . , T
(with T = 90). As can be seen in Figure A1, the inputs to the BMHh models are the irradiance
predictions of the Mi models at horizon h (M1(t + h), M2(t + h), . . . , M7(t + h)), and the
output is the blending irradiance forecast at that horizon (I(t + h)). This approach involves
training T ML blending models specialized on the data for each time horizon.
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Figure A1. Horizon blending approach: one model BMHh per forecast horizon h, with h = 1, 2, . . . , T.
Each BMHh is trained with irradiance predictions of the Mi models at time t+h, Mi(t + h).

Another way of addressing the blending of the seven models Mi is the general ap-
proach, which consists of constructing a single ML model that combines the predictions of
the Mi models for all forecasting horizons. Figure A2 shows the scheme of this approach.
In this case, the ML blending model, BM, receives as input the predictions of the seven
models for all horizons, from h = 1 to h = T, that is, M1(t + 1), M2(t + 1), . . . , M7(t + 1));
M1(t + 2), M2(t + 2), ..., M7(t + 2)); . . . ; M1(t + T), M2(t + T), . . . , M7(t + T)). Thus, the BM
model will be trained with all the data and without depending on the forecasting horizon.
Once the BM model was trained, it was used to predict the irradiance for each horizon,
I(t + 1), I(t + 2), . . . , I(t + T), using only the inputs corresponding to each horizon. That is,
to predict I(t + 1), the irradiance predictions of the Mi models at t + 1 were used, to predict
I(t + 2), the predictions of the Mi models at t + 2 were used, and so on for all prediction
horizons involved in this study.
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M1(t+1) ,M2 (t+1) , ... ,M7 (t+1)

M1(t+2) ,M2 (t+2) , ... ,M7( t+2)

M1(t+T),M2 (t+T), ... ,M7 (t+T)

..
.

..
.

Figure A2. General blending approach: a single model BM was trained with data belonging to all
horizons, h = 1, ..., T. In order to predict irradiance for a particular horizon h, I(t + h), the predictions
of the Mi models at that horizon, Mi(t + h), were used as inputs to BM.
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Appendix B. Linear and RF algorithms

The linear approximation consisted of a linear combination of the p model inputs xj,
as shown in Equation (A1). In this case, these inputs would depend on the type of model
(horizon or general), as is described in Section 3.1. Given a dataset (x1, y1), ..., (xM, yM),
the coefficients cj were fit so as to minimize the summation of squared residuals between
the response variable y and the linear model predictions ŷ. For this article, linear models
were fit by ordinary least squares optimization using the scikit-learn library [61]:

ŷ(x) = ŷ(x1, x2, ..., xp) = c0 +
p

∑
j=1

cjxj‘ (A1)

The non-linear ML method used in this work was RF [69]. RF is a machine learning
technique based on ensembles, which can be used for classification, or regression, as in
this case. Ensembles are models made of several base models h1, h2, . . . , hN . In particular,
RF for regression is an ensemble whose base models hj are regression trees (Figure A3).
Each tree hj makes predictions by sending x down the tree until it reaches a leaf, where
a prediction is computed by averaging all the observations (xi, yi) that reached that leaf
during the training process. Following Meinshausen and Ridgeway [70], the RF ensemble
itself makes predictions by averaging the predictions of each of the trees hj in the ensemble,
as is described in Equation (A2) (and graphically depicted in Figure A3):

ŷ(x) =
1
N

N

∑
j=1

hj(x) (A2)

The main aim of RF is improving the regression error by reducing the variance of the
model, which in turn is achieved by adding randomness to the training of each of the base
models. RF uses two techniques for this purpose: bagging and feature bagging. Bagging
works by training each tree hj with a bootstrapped random sample of the original dataset
(x1, y1), ..., (xM, yM). Feature bagging adds randomness to the training process by using
a random subset of m features instead of all p available predictors. This is carried out by
randomizing the standard regression tree training method. The standard way of fitting
regression trees is by means of a recursive process, which starts by selecting the best of the
p features for the root node, and by repeating this selection process for each of the nodes in
the next level of the tree. The best feature is the one that splits the training samples into two
groups in such a way that the mean squared error of the two groups is lower than the error
of the set of initial samples. The process that grows the tree is deterministic, although it
can be randomized by randomly selecting m features (with m << p) before selecting the
best feature for each of the nodes in the tree (instead of selecting the best feature out of all p
available features, as in the standard method). Thus, tree training becomes stochastic since
a different tree will be obtained every time it is trained, even if the same training sample
is used.

The performance of any ML method depends on the values of its hyper-parameters.
The main hyper-parameters of RF are the number of trees in the ensemble N and the
size m of the random feature subset. Moreover, hyper-parameters that control the depth
of each of the trees in the ensemble are also commonly used. Trees are grown until a
stopping condition is satisfied, which in this work is controlled by two hyper-parameters:
(1) the minimum sample size required for further growing the tree, and (2) the maximum
tree depth. In this work, RF hyper-parameters were tuned by random search. This is a
process that randomly samples hyper-parameter values, trains a model with the selected
hyper-parameters, and evaluates it using a subset of the training sample. This process
is repeated as many times as required to obtain a good combination of hyper-parameter
values (500 times in this study). In this work, hyper-parameters were obtained via random
search as follows:
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• The number of trees N was sampled from a uniform distribution between 50 and
5000 trees.

• The size of the random feature subset m was sampled out of two values,
√

p and
log2 p, as these two values are commonly used in the literature.

• The maximum depth was sampled from a uniform distribution between 5 and 50.
• The minimum number of samples was in the range of 2–20.

Both RF and random search hyper-parameter tuning implementations used for this
work belong to the scikit-learn library [61].
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Figure A3. Random forest graphical scheme.
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