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Abstract: Prediction of solar irradiance is crucial for photovoltaic energy generation, as it helps
mitigate intermittencies caused by atmospheric fluctuations such as clouds, wind, and temperature.
Numerous studies have applied machine learning and deep learning techniques from artificial
intelligence to address this challenge. Based on the recently proposed Hybrid Prediction Method
(HPM), this paper presents an original and comprehensive dataset with nine attributes extracted
from all-sky images developed using image processing techniques. This dataset and analysis of its
attributes offer new avenues for research into solar irradiance forecasting. To ensure reproducibility,
the data processing workflow and the standardized dataset have been meticulously detailed and
made available to the scientific community to promote further research into prediction methods for
photovoltaic energy generation.

Keywords: all-sky image features; solar irradiance prediction; image processing; photovoltaic
energy forecasting

1. Introduction

The increasing demand for energy is being met by clean and so-called renewable
sources, such as wind and photovoltaics. Several countries are investing heavily in the
installation of photovoltaic solar energy. China stands out in the world ranking, as do
Japan, the United States, Germany, and India, which are the five countries with the largest
installed capacity [1].

The adoption of photovoltaic solar energy has driven research into methods for di-
rectly predicting solar energy generation, or even solar irradiance, which is the main
component determining the energy generated [2]. The biggest obstacle that influences and
promotes intermittency in the process of generating photovoltaic solar energy is variation
in atmospheric climatic factors, especially clouds [3,4].

A growing number of studies on methods for predicting solar photovoltaic energy
generation (PSPEG) have been published in the scientific literature [4], and mainly ap-
ply machine learning (ML) and deep learning (DL) [3,5–10]. The increase in computer
processing power and the use of DL models allows the use of all-sky (180◦) images for
PSPEG [11–16]. In this sense, several datasets containing images have been built and made
available to promote the development of predictive methods [17–21].

Research on PSPEG at the Federal University of Latin American Integration (UNILA)
has developed scientific studies on short-term PSPEG [22–27]. Based on this research,
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the study by [27] proposed and evaluated a new hybrid approach to predicting solar
irradiance, which applies image processing (IP) and artificial intelligence machine learning
techniques [28]. Named the Hybrid Prediction Method (HPM) [27], the proposal was
developed from a dataset containing historical data with all-sky images and meteorological
and solar irradiance information, and created with controlled quality and samples collected
every minute for the full 3-year period (2014 to 2016) [17].

Based on the HPM proposition, this paper presents a comprehensive study of the pro-
cess of developing a dataset containing a set of instantaneous sky characteristics obtained
with image processing techniques applied to all-sky images, which can be used to develop
direct and indirect prediction methods (solar irradiance) applicable to photovoltaic solar
power generation. This study provides a unique dataset, developed from all-sky images,
making it relevant to improving the accuracy of predictions of photovoltaic solar energy
generation, which is fundamental for the efficient operation and integration of solar energy
into electrical systems. The creation of a comprehensive dataset and the use of innovative
AI techniques, based on a set of explicit characteristics, can overcome the limitations of
traditional methods and provide more effective tools for researchers and professionals in
the sector.

In Section 2, this paper presents the main concepts on the subject of PSPEG, em-
phasizing the HPM hybrid prediction approach. Section 3 presents dataset construction,
description, and samples, with details of the design and implementation of metrics, in-
cluding the tools, technologies and discusses the analysis of the descriptive statistics for
each metric, as well as their results and limitations, paving the way for understanding and
optimizing them. Section 4 presents the final considerations, as well as making the dataset
available to leverage the development and optimization of PSPEG methods.

2. Theoretical Background

According to [4,29], there has been an increase in the accuracy and precision of photo-
voltaic solar energy generation prediction (PSPEG) methods, especially since 2017, with the
emergence of machine learning and deep learning artificial intelligence methods [7,10,30–32].
Although there is no consensus on the classification of these methods, the main characteris-
tics that distinguish them are the prediction horizon, the origin and types of data, classes of
predictive algorithms, and error metrics adopted [4].

One study [27] proposed the Hybrid Prediction Method (HPM), a new hybrid approach
to predicting solar irradiance that is applicable to photovoltaic solar power generation.
The HPM uses image processing and machine learning techniques to make short-term
solar irradiance predictions at horizons of 1, 5, 15, 30, and 60 min. This study was carried
out using a dataset with a large volume of data [17] and controlled quality [17] consisting
of standardized endogenous and exogenous data relating to meteorological information,
solar irradiance, and all-sky images collected over a full three-year period (2014–2016) and
sampled every 1 min. Table 1 shows data used in the HPM and captured in the city of
Folsom, California, United States of America. Nighttime values between 8 pm and 6 am
were not taken into account.

Table 1. Folsom dataset variables [17] and sample sizes by horizon used in HPM [27].

Dataset Variables Type Horizon
(min)

Number of Samples
2014 2015 2016 Total

Year, Month, Day, Hour,
Minute

Date and
Time

1 250.579 263.023 261.961 775.563

5 250.574 263.018 261.956 775.548

All-sky Images Image
10 250.569 263.013 261.951 775.533

15 250.564 263.008 261.946 775.518

Global Horizontal
Irradiance (GHI)

Solar
Irradiance

30 250.549 262.993 261.931 775.473

60 250.519 262.963 261.901 775.383
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Figure 1 provides examples of all-sky images and their respective global horizontal
irradiance (GHI) captured every hour for two days, one of which was completely sunny
(2 September 2024), and the other partially cloudy (28 June 2015). The displayed time is
Coordinated Universal Time (UTC-07) local to the city of Folsom, CA, USA. These two days
are used as an example to demonstrate the logic of the image processing and results of the
features (measurements) extracted from all-sky images that make up the dataset prepared
in this study.
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Figure 1. Samples of all-sky images and respective GHI values for two days. Adapted from [27].

The hybrid prediction approach proposed in [25] is depicted in Figure 2. A set of nine
features (measurements) (f 1 to f 9) was calculated from each all-sky image using image
processing techniques. In addition, another five features (f 10 to f 14) relating to temporal
data and the climatic season form part of the inputs calculated from the images. This set of
fourteen features for each all-sky image was then used as input for short-term predictions
in the HPM using machine learning models previously trained on historical data [25,27].

In this study, the HPM was used to create a dataset of fourteen features (f 1 to f 14). The
focus was, therefore, on the explicit features image extraction stage, i.e., calculating the
set of nine features (f 1 to f 9) extracted with image processing: Clouds Movement, Clouds
Coverage, Clouds Around Sun, Clear Sky GHI, Sun Luminance, Sun Luminance Adjusted, Sun
Located, and White Pixel Ratio. The sampling of the dataset built corresponded to the values
of all the features for each image captured, every one minute, over a period of three years
(2014 to 2016). In addition, the value of the target variable, global horizontal irradiance
(GHI), corresponding to the all-sky image, is provided, and represents the GHI at the
moment the image was captured.

The presented dataset, in addition to its application in predicting solar irradiance for
photovoltaic generation, offers significant potential for other research, such as multistep
forecasting for controlling the ramp rate in photovoltaic systems, which is essential for the
efficient integration of solar energy into the grid, mitigating intermittency, and improv-
ing stability [33]. Also noteworthy is cloud movement forecasting, which contributes to
short-term irradiance forecasting, and cloud base height estimation, which is relevant for
monitoring in regions with high climate variability [34]. These applications reinforce the
versatility of the dataset and its importance for the advancement of solar energy forecasting
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methods. The next section presents the characteristics and implementation of the nine
features extracted from the images.
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Figure 2. Hybrid Prediction Method architecture diagram. Adapted from [27].

3. Dataset Construction, Description, and Samples

All-sky images obtained from the dataset [17] were in red–green–blue (RGB) for-
mat [35], in which each point (pixel)’s color consisted of three components (channels), red,
green, and blue, with a value between 0 and 255 each. The resolution of the figures was
96 dots per inch (DPI), with 256 colors (8 bits) and dimensions of 1536 × 1536 pixels (width
and height).

Figure 3 shows these channels in the formation of the pixel and exemplifies the
formation of the colors yellow (A), pink (B), and grey (C). From each of the all-sky im-
ages, the set of features f 1 to f 9 were computed sequentially using image processing tech-
niques [35] using the Python 3.10 programming language [36]. In total, the dataset provided
764,867 records extracted from these all-sky images and respective solar irradiances from [17].
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To demonstrate the image processing applied to each feature collected from all-sky
images, two days with different weather conditions and GHI were selected, as shown
in Figure 1. Considering all-sky image pre-processing, the following sections present
processing details for the following features: Preprocessing, Clouds Movement ( f1), Clouds
Coverage ( f2), Clouds Around Sun ( f3), Clear Sky GHI ( f4), Sun Luminance ( f5), Sun Luminance
Adjusted ( f6), Sun Located ( f7), White Pixels Rate ( f8), and Season ( f9).

3.1. Image Preprocessing

This first stage had the function of flattening the all-sky image and correcting image
distortion caused by the fisheye lens (180◦). Using the approach provided in [37], the
flattening procedure was carried out for a linear lens, full-frame image format, input image
field of view (ifov = 180◦), and output field of view perspective (ofov = 180◦) [37]. Figure 4
shows original examples of images resulting from preprocessing (defished), which were
used to calculate the features (f 1 to f 9).
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Finally, this stage also extracted the following information from each captured all-sky
image: year, month, day, hour, minute, and weather season. The dataset generated provides
this information in respectively named columns.

3.2. Clouds Movement

This feature quantifies the existence and intensity of cloud movement based on the
difference between two sequentially captured images, considering the prediction horizon
(h). Cloud movement at time t is calculated by the difference between imagem(t) and
imagem(t − h). A simple and computationally efficient approach that quantifies the degree
of difference between two images was developed and applied: the mean square error
(MSE) [38]. Each pixel in corresponding coordinates between two images was compared
individually and, at the end, the total difference between the two images was calculated
using the MSE. Although it was not normalized in the dataset, it is recommended to
normalize the manual MSE to the automatic MSE by AM-based algorithms. Figure 5 shows
an example of the Clouds Movement over two full days.
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In order to facilitate the use of the Clouds Movement feature in different prediction
horizons, the value of this feature for each horizon was made available in the dataset
generated in the “cloudsMovementH” columns, where H represents the prediction horizon
in minutes (h = 1, 2, 3, 4, 5, 10, 15, 30, or 60). Therefore, the other columns, except for h, can
be removed.

3.3. Clouds Coverage

This feature represents the percentage of clouds in the sky image at time t. Among the
challenges and proposals for identifying clouds in the sky [34,39–44], the dataset provides
results from the following algorithm, adopted in the HPM: (i) resizing the flat image to 30%
of its original size (460 × 460 pixels) to optimize computational processing; (ii) converting
the image to a single channel using the normalized red–blue ratio (RBR) algorithm proposed
in [45]; and (iii) applying thresholding with the Otsu threshold algorithm [46]. Commonly
used in similar problems [39,47–50], the Otsu algorithm calculates an adaptive intensity
value for each image, separating pixels into clouds (foreground) and sky (background).
This adaptive intensity is a constant that may not perform adequately in situations such as
low solar elevation [46]; (iv) clouds percentage calculation (CP) of clouds in the sky at time
t (CPt) using Equation (1) is as follows:

CPt = 100 × ∑ ρcloud

∑ ρsky
+ c f (1)

where ρcloud and ρsky correspond to the total number of pixels showing clouds and sky,
respectively, and c f is an adjustment factor for objects that interfere with the sky area in
the image, such as buildings or trees. In the HPM, c f = 0.1 (10%) was used, and in the
dataset generated the “cloudsCoverage” column, which corresponds to the value of the
Clouds Coverage feature. Figure 6 shows a sample of the Clouds Coverage over two full days.
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3.4. Clouds Around Sun

This feature gives the percentage of clouds relative to a region around (surrounding)
the sun in the image at time t. After classifying each pixel between sky and cloud, the
central coordinate of the sun is located with a threshold filter of 240 in the red channel of
the image [51]. If a region with this threshold is located, the sun is located and an area using
the red–blue ratio (RBR) algorithm of 300 × 300 pixels on the surrounding area is selected
for segmentation and application of the Otsu threshold, allowing the percentage of clouds
in the area surrounding the sun to be calculated. If the sun is not located, 100% of the area
around the sun consists of clouds. It is important to note that the Clouds Around Sun feature
is inconsistent at the beginning and end of the day, caused by the sun’s reflection in the lens
or known limitations of the RBR and Otsu threshold methods. In the generated dataset,
values in the “cloudsSunAround” column correspond to the Clouds Around Sun feature, an
example of which is shown in Figure 7.
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3.5. Clear Sky GHI

This feature represents the global solar irradiance expected on days with completely
clear skies, and is calculated using the Ineichen–Perez model [52] provided in the PVlib
0.9.1 programming package [53]. The generated dataset used the geographical coordinates
of the city of Folsom, USA (latitude = 38.6779591 and longitude = −121.1760583) and its
altitude (67 m) with other default values from PVlib. Figure 8 shows examples of the solar
irradiance GHI (Clear Sky GHI) values predicted by the Ineichen–Perez model and their
correlation (R2) with the Folsom GHI. In the dataset generated, values in the “clearSkyGHI”
column correspond to this feature.
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3.6. Sun Luminance

This feature is based on the concept of the relative luminance of the pixel [54] in a given
area of the image [27]. The HPM adopted the region around the sun as the Y luminance,
using the ITU-R BT.709-6 standard [55]. Based on the study by [12], the luminance (Y) of
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a pixel p is computed from the linear values of the red (Rlin), green (Glin), and blue (Blin)
channels of the pixel in RGB images, using Equation (2) [55]:

Y = 0.2126 × Rlin + 0.7152 × Glin + 0.0722 × Blin (2)

where Y represents the relative luminance of pixel p and Rlin, Glin, and Blin are the linear
values of the red, green, and blue color components of p. According to [27], the average
luminance of the area around the sun (300 × 300 pixels) is computed, and when the sun is
not located, the luminance of the central area of the image (900 × 900 pixels) is taken into
account [27]. In the generated dataset, the values in the “sunLuminance” column correspond
to the Sun Luminance feature. Results are shown in Figure 9.
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3.7. Sun Luminance Adjusted

This feature is similar to Sun Luminance with post-processing applied to the Y value.
Given that Yhm is obtained from the image captured hour (h) and minute (m), an adjustment
factor fhm is applied based on the clearSkyGHIhm feature previously computed [27]. This
factor is calculated by the ratio of the clear sky GHI at that hour (h) and minute (m) in
terms of the maximum GHI expected for that day, according to Equation (3):

fhm =
clearSkyGHIhm

max(clearSkyGHI)
(3)

where clearSkyGHIhm is the clear sky GHI irradiance value at time h : m provided by
the Ineichen–Perez synthetic model, and max(clearSkyGHI) is the maximum daily clear
sky irradiance value. Finally, considering the luminance Y value calculated for the image
taken at hour h and minute m, the adjusted sun luminance value (Yadj) is computed using
the equation Yadj = Yhm × l f hm. Figure 10 shows examples of the Sun Luminance Adjusted
feature; their values in the generated dataset are in the “fitLuminanceCSI” column.



Data 2024, 9, 113 9 of 12

Data 2024, 9, x FOR PEER REVIEW  9  of  13 
 

 

3.7. Sun Luminance Adjusted 

This feature is similar to Sun Luminance with post-processing applied to the  𝑌  value. 
Given that  𝑌௛௠  is obtained from the image captured hour (h) and minute (m), an adjust-

ment  factor  𝑓௛௠   is applied based on  the  𝑐𝑙𝑒𝑎𝑟𝑆𝑘𝑦𝐺𝐻𝐼௛௠   feature previously  computed 

[27]. This factor is calculated by the ratio of the clear sky GHI at that hour (h) and minute 

(m) in terms of the maximum GHI expected for that day, according to Equation (3): 

𝑓௛௠ ൌ
𝑐𝑙𝑒𝑎𝑟𝑆𝑘𝑦𝐺𝐻𝐼௛௠

𝑚𝑎𝑥ሺ𝑐𝑙𝑒𝑎𝑟𝑆𝑘𝑦𝐺𝐻𝐼ሻ
  (3) 

where  𝑐𝑙𝑒𝑎𝑟𝑆𝑘𝑦𝐺𝐻𝐼௛௠  is the clear sky GHI irradiance value at time  ℎ:𝑚  provided by the 
Ineichen–Perez synthetic model, and 𝑚𝑎𝑥ሺ𝑐𝑙𝑒𝑎𝑟𝑆𝑘𝑦𝐺𝐻𝐼ሻ  is the maximum daily clear sky 

irradiance value. Finally,  considering  the  luminance  𝑌   value  calculated  for  the  image 

taken at hour h and minute 𝑚, the adjusted sun luminance value (𝑌௔ௗ௝) is computed using 

the equation  𝑌௔ௗ௝ ൌ 𝑌௛௠ ൈ 𝑙𝑓௛௠. Figure 10 shows examples of the Sun Luminance Adjusted 

feature; their values in the generated dataset are in the “fitLuminanceCSI” column. 

 

Figure 10. Sun Luminance Adjusted samples. Adapted from [27]. 

3.8. Sun Located 

This feature returns a true (1) or false (0) value for the location of the sun in the image. 

Its processing consists of  locating  the brightest region  in  the  image  in  the red channel, 

similar to processing used in the Sun Luminance and Clouds Around Sun features [27]. The 

values for this feature are in the “sunLocated” column of the generated dataset. 

3.9. Season 

This feature corresponds to the annual climatic season in which the all-sky image was 

captured. These values are represented by the season column in the generated dataset. 

3.10. White Pixel Ratio 

The White Pixel Ratio feature represents the percentage of white pixels in the sky area 

of the image. According to [27], a threshold of 240 was used to incorporate the grayish 

tones of denser clouds. Examples of this feature are shown in Figure 11, and contained in 

the “whitePixelRatio” column in the generated dataset. 

Figure 10. Sun Luminance Adjusted samples. Adapted from [27].

3.8. Sun Located

This feature returns a true (1) or false (0) value for the location of the sun in the image.
Its processing consists of locating the brightest region in the image in the red channel,
similar to processing used in the Sun Luminance and Clouds Around Sun features [27]. The
values for this feature are in the “sunLocated” column of the generated dataset.

3.9. Season

This feature corresponds to the annual climatic season in which the all-sky image was
captured. These values are represented by the season column in the generated dataset.

3.10. White Pixel Ratio

The White Pixel Ratio feature represents the percentage of white pixels in the sky area
of the image. According to [27], a threshold of 240 was used to incorporate the grayish
tones of denser clouds. Examples of this feature are shown in Figure 11, and contained in
the “whitePixelRatio” column in the generated dataset.
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Finally, the set of nine features explicitly extracted from each all-sky image (f 1 to f 9)
and temporal data (f 10 to f 14) can be used to predict global solar irradiance over a given
horizon. In this sense, the dataset generated provides a choice of the following horizon
options for the Clouds Movement feature: 1, 2, 3, 4, 5, 10, 15, 30, and 60 min.

4. Conclusions and Future Perspectives

The construction and availability of datasets for training machine learning models is a
crucial practice in data science and artificial intelligence research. In the field of PSPEG,
this paper details and provides an original dataset built from the application of the HPM
method for the promotion and development of new studies on predictive models using
machine learning and deep learning.
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The dataset provided is original in the PSPEG literature. Its originality is due to the set
of 14 features (characteristics) that can be jointly applied to the prediction of global solar
irradiance. This is the first dataset in the scientific literature to provide a set of features
explicitly extracted from all-sky images. In general, datasets in the literature provide
meteorological data or images for use in PSPEG. It is important to note that the set of
features from the dataset provided has shown promising accuracy results [27], although
there is a dependence on all-sky images and the additional computational cost of pre-
processing the images.

The study by [27] highlighted the possibility of improving the HPM, such as optimiz-
ing its features, analyzing and selecting more representative sets of features, and optimizing
for specific prediction horizons, among others. Therefore, the description and availabil-
ity of a dataset based on the application of the features provided by the HPM allows
the development of new studies on PSPEG in the scientific community to be leveraged
and facilitated.

The generated dataset is quality controlled, with standardized data, validated types,
and no missing or inconsistent values. Therefore, the provided dataset contributes to
the validation of machine learning models, increasing the reliability of scientific findings.
In addition, it can be used as a benchmark for future research, as it was built from a
standardized dataset of all-sky images. The provided dataset also allows fair comparison
between different algorithms and approaches. This helps to identify the most effective
techniques and to promote continuous improvements in the HPM, including various
prediction horizons (1, 2, 3, 4, 5, 10, 15, 30, and 60 min).

Due to the original HPM approach applied to solar irradiance prediction, this dataset
is also original, as it is the first dataset made available for global solar irradiance prediction
and provides a standardized and explicit set of features extracted using all-sky image
processing techniques. Therefore, the availability and detailing of the calculation of the
features in the dataset generated promotes the development of new machine learning
methods and algorithms, especially those based on time series.

Finally, the creation of datasets is a fundamental activity that contributes significantly
to the advancement of science and technology. In the area of predicting solar irradiance and
photovoltaic solar energy generation, these datasets drive innovation, improve the accuracy
of artificial intelligence models, and facilitate decision-making at multiple levels, from
mitigating intermittent energy generation to negotiating future energy supply and demand.
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