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Abstract

Renewable energies are highly dependent on local weather conditions, with
photovoltaic energy being particularly affected by intermittent clouds. Antic-
ipating the impact of cloud shadows on power plants is crucial, as clouds can
cause partial shading, excessive irradiation, and operational issues. This study
focuses on analyzing cloud tracking methods for short-term forecasts, aiming
to mitigate such impacts. We conducted a systematic literature review, high-
lighting the most significant articles on cloud tracking from ground-based
observations. We explore both traditional image processing techniques and
advances in deep learning models. Additionally, we discuss current challenges
and future research directions in this rapidly evolving field, aiming to provide
a comprehensive overview of the state of the art and identify opportunities
for significant advancements in the next generation of cloud tracking systems
based on computer vision and deep learning.
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1. Introduction

In recent years we have been witnessing unprecedented growth of renewable en-
ergy generation (Bojek, 2022), but renewables are highly dependent on local
weather conditions (Ruther et al., 2003), making their resources intermittent.
Photovoltaic (PV) was especially impacted by cost reduction in recent years

(Kavlak, McNerney, & Trancik, 2018), but has its generation affected not only by
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the solar cycle but also by factors such as clouds, local temperature, and other
climatic parameters (Bel & Bandi, 2019; Cai & Aliprantis, 2013; Denholm &
Margolis, 2007; Golestaneh, Pinson, & Gooi, 2016; Igbal, 1983; Duffie & Beck-
man, 2006).

Predicting local changes in irradiance due to passing clouds is a key challenge in
solar power generation (Fouad, Shihata, & Morgan, 2017). The intermittency of
solar resources, particularly during cloudy conditions (Jewell & Ramakumar, 1987;
Lappalainen & Valkealahti, 2017; Shah, Mithulananthan, Bansal, & Ramachanda-
ramurthy, 2015), necessitates the development of technologies and strategies to
forecast and mitigate energy production fluctuations (Gonzalez-Moreno, Marcos,
de la Parra, & Marroyo, 2022; Marcos, Storkél, Marroyo, Garcia, & Lorenzo, 2014).
Clouds exhibit seasonal and daily variability, influenced by atmospheric stability
and upper layer conditions, further complicating short-term forecasts (Arya,
2001). Cloud dynamics, including variations in thickness, shape, and volume, pose
challenges for accurately estimating local cloud cover over specific PV plants
(Arya, 2001). Factors such as cloud velocity and shadow coverage influence the
rate of energy output fluctuations in PV plants (Jewell & Ramakumar, 1987; Mar-
cos, Marroyo, Lorenzo, Alvira, & Izco, 2011a, 2011b).

Power variations of up to 90%/min. were observed for different locations and
plant sizes (Marcos et al., 2011b). Figure 1 illustrates two atmospheric situations
where large cloud-induced PV power fluctuations can repeatedly occur during a
very short period. In the left illustration, (a, b) are moving shadows caused by
individual passing clouds, while on the right one (c, d) are lighter regions areas

generated by holes in a fast-moving dense cloud cover.

Figure 1. Atmospheric situations where large cloud-induced PV power fluctuations can
repeatedly occur during a very short time span.

The impact of passing clouds on the energy ramp rate (RR) is demonstrated in
Figure 2, depicting power production overlaid on sky imager photographs from
the UFSC Photovoltaic Lab in Southern Brazil. In just 4 minutes, peak power
from an experimental PV array fluctuates dramatically, from 1700 W (a) to 700
W (b), then back up to 1900 W (c). The surplus irradiation in (c) surpasses the
normal clear sky rate due to the cloud-border effect, caused by multiple reflec-
tions of surrounding clouds (Pecenak, Mejia, Kurtz, Evan, & Kleissl, 2016; Thuilli-
er, Perrin, Keckhut, & Huppert, 2013; Yordanov, Midtgéard, Saetre, Nielsen, &
Norum, 2013; Yordanov, 2015).
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Figure 2. PV power fluctuation in a time window of 4 minutes showing the correspond-
ing sky imager view.

According to Kariniotakis (2017) [sec 1.1.3, 7], the recommended temporal
scale for observing ramps caused by clouds is almost like a “situation awareness”
on the site. Shortest time span forecasting of solar irradiation and consequent
PV fluctuations, inside of a time window of 5 minutes or less, also called now-
casting, can provide vital information for optimizing battery and grid usage
(Gonzalez-Moreno et al., 2022).

Cloud data for nowcasting must be collected with the lowest latency possible
and have to possess the highest spatial resolution possible, to identify individual
small clouds minutes before they affect solar irradiation. These data can neither
be provided by weather satellites in low Earth orbits, nor by geostationary satel-
lites and have to be collected from ground-based observation.

Satellite images are discouraged for cloud observation due to limitations in
spatial resolution, distortion, and latency in data transmission and processing.
While exclusive satellite services could address these issues, their high costs typ-
ically exceed the budget of most renewable energy utility companies.

Another way to mitigate intermittent oscillations caused by clouds in the gen-
eration is photovoltaic-storage systems (PVS). Solutions like reused automotive
(Sawin et al., 2018) or specially designed batteries (Fu, Remo, & Margolis, 2018)
are being associated with PV systems to reduce intermittency. Nevertheless,
forecasting is still necessary to manage the energy dispatch to keep grid reliabil-
ity (Nottrott, Kleissl, & Washom, 2012), to avoid operational problems, addi-
tional maintenance, equipment stresses (Chen, Li, Brady, & Lehman, 2010; In-
man, Chu, & Coimbra, 2016; Luoma, Kleissl, & Murray, 2011; Mccormick &
Suehrcke, 2018), and cloud border over-irradiation (do Nascimento, de Souza
Viana, Campos, & Riither, 2019; Inman et al., 2016; Martins, Mantelli, & Riither,
2022; Pecenak et al., 2016; Thuillier et al., 2013; Toreti Scarabelot, Arns Rampi-
nelli, & Rambo, 2021; Yordanov et al., 2013; Yordanov, 2015).

Three previous reviews, predating our selected period, focused on Direct
Normal Irradiance (DNI) for thermal plants. Pavlovi¢, Radonji¢, Milosavljevi¢,
& Panti¢ (2012) and Siva Reddy, Kaushik, Ranjan, & Tyagi (2013) examined ex-
isting concentrating solar plants (CSP) globally in 2012, emphasizing climate
conditions and feasibility analysis, but did not address forecasting. Inman, Ped-

ro, and Coimbra (2013) provided a comprehensive overview of forecasting
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methods, covering solar irradiance components, clear sky models, and evalua-
tion techniques. The review encompassed regressive, Al, remote sensing, nu-
merical weather prediction (NWP), and local variables for short-term and hy-
brid forecasting, without proposing new methods. The authors concluded with
desired performance criteria for techniques.

The complexity of cloud-induced fluctuations in solar energy underscores the
need for effective strategies to address them. For accurate nowcasting of local
cloud coverage, especially for smaller PV plants, automated ground-based cloud
observations are essential. Such a system should encompass cloud identification,
measurement, classification, cloud movement tracking and prediction, and now-
casting of irradiance changes. Since Inman et al. (2013), significant advance-
ments in Machine Learning (ML) methods for the PV sector have emerged. Task
(a) was addressed in Juncklaus Martins et al. (2022), while this review focuses on
task (b), systematically examining the state of the art in cloud movement estima-

tion and tracking methods.

2. Observation Methods

The choice of the Ground-based Sky Image Acquisition System (GSIAS) is cru-
cial for effectively capturing cloud images. Among the most used methods, the
Whole Sky Imager and the Total Sky Imager (TSI) stand out. These devices cap-
ture hemispherical images of the sky through fisheye lenses, which allow a full
180-degree view of the sky. A detailed study of GSIAS can be found at Lin,
Zhang, & Wang (2023).

These methods determine the quality and resolution of the images obtained,
covering detailed information (Lin et al., 2023; Peng et al., 2015). Ground-based
systems face challenges in accurately detecting and identifying cloud pixels
due to lighting variations throughout the day and under different weather
conditions (Peng et al., 2015). However, ground-based cameras face signifi-
cant challenges in accurately detecting and identifying cloud pixels due to
lighting variations throughout the day and under different weather conditions
(Peng et al., 2015). These variations can introduce distortions and artifacts
into images, complicating analysis and requiring advanced preprocessing tech-
niques.

For the process of acquiring images captured on the ground when construct-
ing the datasets, most of the selected articles (Table 1) used TSI to capture im-
ages, some used fisheye-equipped cameras and others used ground-based cam-

eras.

Sky Image Preprocessing

Image pre-processing is an important step in the context of GSIAS. It involves
applying various techniques to improve the quality of captured images and pre-
pare the data for subsequent analysis. This process is crucial to deal with lighting
variations throughout the day, different weather conditions and distortions in-

troduced by atmospheric factors in the images captured by GSIA.
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Table 1. List of GSIAS used in the articles.

Method Amount Articles

El Jaouhari, Zaz, & Masmoudi (2015); Marquez & Coimbra
(2013); Sun et al. (2014); Quesada-Ruiz, Chu, Tovar-Pescador,
Pedro, & Coimbra (2014); Chang, Yao, Li, Tong, & Tu

(2017); Peng et al. (2015); Xu et al. (2015); Cervantes,
Krishnaswami, Richardson, & Vega (2016); Peng, Yu,

Huang, Heiser, & Kalb (2016); Cheng (2017); Richardson,
Krishnaswami, Shephard, & Vega (2017a); Cafiadillas,
Gonz’alez-D’1az, Rodr’iguez, Rodr’iguez, & Guerrero-Lemus

TSI 18

(2018); Bone, Pidgeon, Kearney, & Veeraragavan (2018);
Zhang et al. (2019); Zhen et al. (2019); Tiwari, Sabzehgar,
& Rasouli (2019); Nouri et al. (2019); Caldas &
Alonso-Su’arez (2019)

El Jaouhari et al. (2015); Bernecker, Riess, Angelopoulou, &
Hornegger (2014); Chow, Belongie, & Kleissl (2015); Zhen,
Wang, Mi, Sun, & Sun (2015); Richardson, Krishnaswami,
Vega, & Cervantes (2017b); Dissawa, Ekanayake, Godaliyadda,
Ekanayake, & Agalgaonkar (2017); Magnone, Sossan, Scolari,
& Paolone (2017); Saleh, Meek, Masoum, & Abshar (2018);
Ao, Xuer, Salinas, & Chin (2019); Eslik, Akarslan, &

Hocaoglu (2021)

Fisheye Lens 10

Ground-based 1 Zhang, Du, Chen, & Lim (2018)

Preprocessing techniques include brightness and contrast correction, noise
removal, correction of geometric distortions caused by fisheye lenses, and nor-
malization of images to standardize lighting conditions. Some equipment, such
as the TSI, has automatic lighting correction (Sawant, Shande, Feij oo-Lorenzo,
& Bokde, 2021; Zhang et al., 2018). Additionally, it is often necessary to convert
from one color space to another. This conversion can highlight specific charac-
teristics of clouds, facilitating segmentation and analysis. Different color spaces,
such as RGB (Red, Green, Blue) and HSV (Hue, Saturation, Value), offer differ-
ent advantages depending on the application (Sun et al., 2014). For example, the
HSV color space can separate intensity information (Value) from color infor-
mation (Hue and Saturation), making it easier to detect clouds under varying
lighting conditions (EI Jaouhari et al., 2015).

Techniques of Histogram Equalization (Peng et al., 2015; Zhen et al., 2019),
Edge Detection (Eslik et al., 2021), Background Subtraction (Zhang et al., 2018),
Masking (Dissawa et al.,, 2017; Magnone et al., 2017; Zhang et al., 2019) are
widely used to prepare the captured raw images by GSIAS for advanced analyt-

ics.

3. Cloud Recognition Methods

The following subsections explore the methodologies developed in selected arti-
cles for cloud identification. According to the study presented by Lin et al.

(2023), identification techniques can be grouped into three fundamental catego-
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ries: Thresholding, Advanced Image Segmentation and Mchine Learning (ML).

3.1. Thresholding

One of the methods and approaches applied to perform automatic image seg-
mentation is thresholding. This method is widely adopted in studies (Bernecker
et al., 2014; Bone et al.,, 2018; Caldas & Alonso-Su’arez, 2019; Cervantes et al.,
2016; Chang et al., 2017; Dissawa et al., 2017; El Jaouhari et al., 2015; Marquez
& Coimbra, 2013; Peng et al., 2015; Zhang et al., 2018; Zhang et al., 2019).

This technique consists of dividing the image into two distinct classes, nor-
mally selecting a threshold value. An evolution of this approach was employed in
paper of Marquez and Coimbra (2013) based on work by Li, Lyu, and Yang
(2011), which explored hybrid thresholds. In Quesada-Ruiz et al. (2014), the
author presented a hybrid threshold classification algorithm, which combines
several thresholding techniques to improve the accuracy of cloud identifica-
tion.

In some studies (Caldas & Alonso-Su’arez 2019; Chow et al., 2011; Zhang et
al., 2018), researchers adopted adaptive thresholding techniques for different
pixels, with the aim of tackling classification errors resulting from lighting varia-

tions.

3.2. Advanced Image Segmentation

The advanced image segmentation category includes more complex methodolo-
gies such as edge-based segmentation, region growth, and feature detection al-
gorithms. Edge-based segmentation seeks to identify cloud contours, while re-
gion growing groups similar pixels together to create larger regions.

In the study by Dissawa et al. (2017), an approach was employed to identify
individual clouds between image frames. This approach involved using the nor-
malized Cross-Correlation Method (CCM) to establish correspondences be-
tween clouds at different times.

To extract relevant features and vectors in Cheng (2017) and Dissawa et al.
(2017), the feature detection algorithm Harris was adopted. The authors at Eslik
et al. (2021) have identified the most suitable spots for cloud tracking. In this re-
search, the Shi-Tomasi algorithm was employed to detect cloud contours and
corners.

When compared to threshold-based approaches, more advanced image seg-
mentation techniques generally demonstrate superior performance in recogniz-
ing specific features. Image segmentation is more flexible and can consider a
wider range of pixel attributes such as brightness, color, and texture, resulting in

more accurate and detailed results (Lin et al., 2023).

3.3. Machine Learning

ML techniques play a crucial role in automating cloud identification in images,

leveraging their ability to learn intricate patterns and extract relevant features.
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Methods like Support Vector Machines (SVM), Artificial Neural Networks
(ANN), and Decision Trees enable automatic classification, surpassing manual
approaches in efficiency and accuracy.

Studies such as Peng et al. (2015, 2016), Sun et al. (2014) and Xu et al. (2015)
highlight SVM’s popularity for cloud identification. Additionally, classifiers like
Random Forest and Bayesian Classifier show promise in this regard. The Boltz-
mann Constrained Machine (BCM), an ANN algorithm, aids in cloud segmenta-
tion by extracting significant features from images, and enhancing pattern rep-
resentation (Bernecker et al., 2014).

In Peng et al. (2015), a two-tier cross-validation approach with SVM classifier
yielded high accuracy in cloud identification, surpassing an 83.2% hit rate com-
pared to manual classification masks. However, limitations were noted in de-
tecting multilayer clouds near the sun’s position and thin clouds.

On the other hand, Zhen et al. (2019) employed K-means clustering for cloud
identification and classification, along with texture features based on a gray-level
cooccurrence matrix, enabling classification of various cloud classes.

In Cazorla, Olmo, and Alados-Arboledas (2008), MLP was utilized for real-time
cloud classification based on internal sky images captured by a camera, distin-
guishing clear skies, dense clouds, and thin clouds.

ML techniques have proven highly effective in cloud detection, as highlighted
in studies like Cheng & Lin (2017); Lin et al. (2023); Peng et al. (2015); Richard-
son et al. (2017a, 2017b), showcasing significant improvements in precision and

accuracy.

4. Cloud Tracking Methods

Tracking objects is a challenging task, and tracking clouds is even more complex
due to the multiple variables that influence their displacement and orientation.
Clouds can suffer partial or total occlusion, rapid lighting variations, dynamic
deformations and unpredictable movements influenced by meteorological fac-
tors. Furthermore, clouds vary significantly in scale and perspective, making
predicting their direction and movement a difficult task (Arya, 2001; Chow et al.,
2011; Hamblyn et al., 2021; Peng et al., 2015).

To perform cloud tracking, it is necessary to calculate the Cloud Motion Vec-
tor (CMV), which is a mathematical representation that describes the direction
and speed of cloud movement in a sequence of images or videos. The main tech-
niques used by the authors include three main CMV formats (Bernecker et al.,
2014; Chang et al., 2017; Chow et al., 2011; Lin et al., 2023; Marquez & Coimbra,
2013; Zhen et al., 2019):

1) Global CMV (g-CMYV): A single motion vector is used to represent the
displacement of all clouds in the image.

2) Multiple CMVs (m-CMVs): Multiple motion vectors are assigned to dif-
ferent regions of the image.

3) Dense Vector Field (DVEF): This is the most detailed representation, where
each pixel in the image has a corresponding motion vector.

DOI: 10.4236/ajcc.2024.133021

458 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021

J. M. Arrais et al.

The choice between different CMV formats, such as global (g-CMV), local
(m-CMYV), and DVF, depends on the specific application requirements. While
g-CMVs offer a broad view of cloud movement, m-CMV and DVF are preferred
for capturing detailed local cloud behavior. Typically, g-CMYV is derived from
m-CMV or DVF using aggregation or analysis methods (Chow et al., 2011; Lin
et al., 2023; Zhen et al., 2019).

Similarity Maximization (SM) is a central approach in many techniques used
to calculate g-CMV, m-CMV and DVF. This technique involves finding the op-
timal geometric transformation to align multiple cloud images, maximizing their
similarity. There are several SM techniques, and the main ones found in this
study include the Block Matching (BM), Cross-Correlation Method (CCM), Op-
tical Flow (OF), Feature Matching (FM) and Machine Learning approaches.

4.1. Block Matching

The BM approach involves dividing the images into blocks or patches and then
looking for correspondences between these blocks in the images being com-
pared. The fundamental task is to find the placements that optimize the similar-
ity between the image blocks, thus adjusting the transformation that best aligns
the cloud images. This technique was used by the authors in Magnone et al.
(2017); Nouri et al. (2019); Peng et al. (2016); Zaher, Thil, Nou, Traor’e, & Grieu
(2017); Zhen et al. (2019).

The BM approach to cloud tracking often combines this technique with other
approaches to improve tracking accuracy and robustness. Combining BM with
other techniques can increase the computational load, but it also improves the
accuracy and robustness of cloud tracking. In the study of Peng et al. (2016), a
hybrid tracking technique was proposed to incorporate the strength of BM and
OF. The results show that the hybrid approach outperformed classical models,
reducing at least 30% motion estimation errors compared to real motions in

most simulated image sequences.

4.2. Cross-Correlation Method

The Normalized Cross Correlation (CCM) approach is used to establish corre-
spondences between patterns in different frames, with the aim of determining
the offset between these patterns. In this technique, the image is divided into
small windows, where the correlation is calculated to find the correlation peak,
which corresponds to the motion vector. The CCM was employed in several
studies, including Ao et al. (2019); Caldas & Alonso-Su’arez (2019); Dissawa et
al. (2017); Marquez & Coimbra (2013); Peng et al. (2015); Xu et al. (2015).

The CCM technique is robust and simple as it can effectively identify accurate
matches even in the presence of noise and intensity variations. However, calcu-
lating the correlation for all possible windows can be computationally intensive,
especially for high-resolution images. To mitigate this problem, optimized ver-
sions such as the normalized CCM can be used. In Dissawa et al. (2017), this

normalization was used to find the correspondence of each cloud in each frame.
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4.3. Optical Flow

One of the primary techniques for tracking clouds is Optical Flow (OF). This
technique estimates pixel displacement between sequential frames based on in-
tensity variations over time. It includes dense and sparse techniques: Sparse OF
tracks key points, while Dense OF computes motion vectors for every pixel. Ta-
ble 2 presents the selection of OF algorithms made by each article that used this
method. The following sections will discuss the algorithms employed in the se-
lected articles, providing a comprehensive analysis of their application and effec-

tiveness.

Table 2. List of optical flow algorithms for cloud tracking.

Algorithm Articles

El Jaouhari et al. (2015); Peng et al. (2016); Richardson et al. (2017a);
Zhang et al. (2019); Zhen et al. (2019); Richardson et al. (2017b);
Dissawa et al. (2017); Eslik et al. (2021); Zaher et al. (2017); West,
Rowe, Sayeef, & Berry (2014); Bernecker et al. (2014)

Chang et al. (2017); Peng et al. (2016); Ao et al. (2019); Zaher et al.
(2017); West et al. (2014)

Gunnar-Fanerback Canadillas et al. (2018); Tiwari et al. (2019); West et al. (2014)
Bruhn Ao etal. (2019)

VOF Peng et al. (2015)

SimpleFlow West et al. (2014)

Motion Templates West et al. (2014)

Not Informed Cervantes et al. (2016); Saleh et al. (2018)

Lucas-Kanade

Horn-Schunck

4.3.1. Sparse Optical Flow

Sparse OF is a tracking technique that focuses on calculating the movement of
selected points of interest. These points are typically chosen using feature detec-
tors such as Harris, Shi-Tomasi, or SIFT. Sparse OF calculates movement only at
these selected points, rather than across all pixels in the image, which makes it
appealing due to its computational efficiency.

Among the sparse OF algorithms, Lucas-Kanade is the most chosen by the
authors, as indicated in Table 2. This algorithm is widely preferred due to its
computational efficiency, accuracy for small displacements and its ease of im-
plementation. The LucasKanade is effective for tracking small movements and
smooth intensity variations, and it may falter with large movements or abrupt
intensity changes (Peng et al., 2016).

In studies like Dissawa et al. (2017) and El Jaouhari et al. (2015), cloud
movements were tracked by detecting interest points using the Harris feature
detector, then employing the Lucas-Kanade algorithm. Eslik et al. (2021) calcu-
lated tracked points using the Shi-Tomasi algorithm, subsequently applying the
Lucas-Kanade OF algorithm.

4.3.2. Dense Optical Flow
Dense optical flow is a technique used to estimate the motion of all pixels in a
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sequence of images. Unlike sparse optical flow, dense optical flow provides a
comprehensive motion field for every pixel, offering a detailed representation of
the motion across the entire image. Dense optical flow algorithms calculate the
motion vectors for every pixel, resulting in a dense field of motion vectors that
describe the displacement of each pixel from one frame to the next.

The main dense OF algorithms that have been used include Horn-Schunck,
Gunnar-Farneback, Bruhn, SimpleFlow, Motion Template and the mixed Varia-
tional Optical Flow (VOF) algorithm (Table 2) The Horn-Schunck algorithm was
the most chosen among the dense OF. For cloud tracking, this algorithm esti-
mates the movement of pixels in image sequences based on equations that con-
sider spatial smoothing and temporal continuity of pixel intensities. Although it is
effective for calculating cloud motion vectors between frames, the Horn-Schunck
algorithm may face limitations in scenes with abrupt motion changes or incon-
sistent textures.

The Gunnar Farneback algorithm is known for its resilience to significant
changes and occlusions, is computationally efficient, but can have problems with
heavily textured or repeated image sections. In Canadillas et al. (2018), Gun-
nar-Farneback was chosen to determine cloud trajectories, with ellipse modeling
to address fisheye lens effects. Cloud movement directions were obtained from
weighted averages of angles and magnitudes derived from OF.

In Tiwari et al. (2019), Gunnar Farneback’s algorithm was employed in a
two-step process to track image features. Coarse-to-fine OF with the Farneback
method allowed efficient tracking of objects over long distances due to 10-minute
image separation. In West et al. (2014), several OF algorithms, including Farne-
back, were evaluated. The Farneback algorithm was chosen for its flexible range
of parameters, low computational intensity and high accuracy.

The Bruhn’s algorithm, a variational optimization technique, enhances OF
accuracy in regions with significant intensity variations, complex textures, and
occlusions. It employs an iterative energy function minimization process to op-
timize motion vectors for each image point, resulting in more robust and accu-
rate OF estimates, particularly in challenging scenarios (Bruhn, Weickert, &
Schnorr, 2005).

In Ao et al. (2019), a cloud tracking model based on Bruhn’s OF approach was
developed and compared with traditional OF models. The model utilized a his-
togram and RGB channel for pixel identification, and Bruhn’s method was em-
ployed to determine OF between images. Comparisons with Lucas-Kanade,
Horn-Schunck algorithms, and Crude Validation technique showed similar
tracking accuracy, but Bruhn’s algorithm significantly improved computation
time by 39.48%.

The research of Chow et al. (2015) employed the VOF algorithm, which dif-
fers from traditional OF methods. While conventional approaches focus on
minimizing intensity errors between consecutive frames, VOF approaches the
problem as a variational optimization process to minimize an energy function.

This approach allows for the incorporation of additional considerations such as
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spatial smoothing and motion constraints, resulting in more accurate and robust

OF estimates, especially in areas with varying intensity or occlusions.

4.4. Feature Matching

The Feature Matching technique involves finding correspondences between
points of interest or features in different images. The objective is to identify
points of interest that are invariant to transformations such as rotation, scale and
lighting changes. For this, algorithms such as Harris-Stephens (Harris Corner
Detector), SIFT (ScaleInvariant Feature Transform) and SURF (Speeded-Up Ro-
bust Features) are used. Table 3 shows the articles that used the feature match-

ing technique.

Table 3. List of techniques for feature matching.

Techniques Articles
Harris-Stephens Zhen et al. (2019)
SIFT Canadillas et al. (2018)
SURF Zhen et al. (2019)

In Canadillas et al. (2018), the SIFT algorithm was used to establish corre-
spondences between images from the TSI cameras, followed by mapping into
azimuthal and zenithal coordinates using the Gunnar-Farneback algorithm. On
the other hand, Zhen et al. (2019) used the SURF algorithm in conjunction with
the Lucas-Kanade algorithm. Meanwhile, Peng et al. (2016) proposed a hybrid
cloud motion tracking model combining BM and OF. In Dissawa et al. (2017),
Harris feature detection was used to identify characteristic points of clouds, al-
lowing the detection of cloud deformation and movement speed.

The Feature Matching process involves several steps, each with its own com-
putational complexity. Feature detection and description can be intensive, espe-
cially with algorithms like SIFT and SURF.

4.5. Machine Learning Approaches

In the field of terrestrial cloud image research, Machine Learning (ML) and
Deep Learning (DL) techniques have been gaining prominence, predominantly
in cloud recognition and classification, as illustrated in several studies (Arrais et
al., 2022; Bernecker et al., 2014; Cazorla et al., 2008; Cheng & Lin, 2017; Junck-
laus Martins et al., 2022; Martins et al., 2022, 2023; Peng et al., 2015, 2016; Rich-
ardson et al., 2017a; Sun et al., 2014; Xu et al., 2015; Zhen et al., 2019). However,
the potential of neural networks extends beyond this, and can be applied in pre-
dicting cloud movements in terrestrial images, as evidenced by Arrais et al.
(2022); Lu, Wang, Li, & Zhang (2021); Martins et al. (2022); Pierce, Stein, Braid,
& Riley (2022); Su, Li, An, & Wang (2020).

Convolutional Neural Networks (CNNs) can be trained to directly estimate

CMV from image sequences. Advanced models can learn to detect complex
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movement patterns that are difficult to capture with traditional methods. Pierce
et al. (2022) used the convolutional autoencoder (CAE) technique, specifically
U-net, to identify clouds and a particle tracker to predict cloud movement.
Among the techniques used were the Otsu method, thresholding in RB and
HSV, and the K-Means algorithm for color segmentation. In conclusion, the
author highlighted that a minimum of labeled data is necessary to obtain
state-of-the-art results, in addition to a fast and robust application for forecast-
ing and tracking cloud movement.

In Lu et al. (2021), the Cascade Causal Long Short-Term Memory (CCLSTM)
was utilized to estimate cloud morphology and displacement speed, supple-
mented by the Super-Resolution Network (SR-Net) to enhance results. However,
the model struggled with clouds passing through shading belts, often misclassi-
fying them as disappeared. Meanwhile, in Eslik et al. (2021), researchers used the
Shi-Tomasi algorithm to identify tracking points, followed by the Lucas-Kanade
OF algorithm for monitoring. Cloud movement estimates were then obtained

through a Feedforward Backpropagation ANN.

4.6. Advanced and Complementary Cloud Tracking Methods

While traditional and machine learning methods are widely used, there is a
growing need for advanced and complementary techniques that can address the

specific challenges of cloud tracking.

4.6.1. Displacement Vector Field Filtering

The Displacement Vector Field (DVF) filtering technique is mainly used in the
context of OF to improve the accuracy and consistency of the calculated motion
vectors. In dense OF, where the movement of all pixels is estimated, filtering is
essential to smooth the vector field and eliminate noise, using methods such as
mean, Gaussian or bilateral filters. In sparse OF, although less common, filtering
can also be applied to refine the motion vectors of specific points of interest. Al-
gorithms such as HornSchunck and Farneback incorporate smoothing and reg-
ularization techniques to obtain a more uniform and accurate vector field.

The DVF technique was implemented in Lin et al. (2023) and Peng et al.
(2016) studies as a post-processing step to improve vector accuracy and remove
noise and imperfections in the images. In Peng et al. (2016) techniques such as
the vector median filter and the sky filter were applied to remove low-magnitude

noise.

4.6.2. Particle Image Velocimetry
Particle Image Velocimetry (PIV) is a velocity measurement and flow analysis
technique used primarily in fluid dynamics. PIV allows the visualization and
quantification of velocity fields in a fluid by tracking the movement of tracer
particles introduced into the fluid.

PIV iteratively applies the BM algorithm using progressively smaller block

sizes. This hierarchical search generates DVF, providing comprehensive infor-
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mation about the movements of particles such as clouds. Studies such as Mag-
none et al. (2017); Marquez & Coimbra (2013); Peng et al. (2016); Quesada-Ruiz
et al. (2014) chose the PIV technique to calculate cloud velocity fields. In
Marquez & Coimbra (2013); Peng et al. (2016), the authors used the MPIV’
software developed by Mori (2002).

4.6.3. Global Cloud Motion Vectors

The g-CMV represents the overall movement of clouds in an image. Initially,
feature points are selected to estimate cloud movement between frames using
techniques like CCM, OF, and BM. Displacement vectors indicating direction
and magnitude of cloud movement are then calculated for each point, and statis-
tical measures are computed to obtain the g-CMV.

In Chow et al. (2011), a cloud movement prediction method is employed us-
ing a time map of clouds. By determining cloud direction and speed through
CCM between current and past images, the cloud map is advected to predict fu-
ture positions. This involves moving all images according to identified motion
vectors, validated by comparing the forecasted cloud cover with observed reality
30 seconds later.

Both methodologies involve validation steps: comparing the advected map
with observed reality for cloud cover forecasting, and comparing compensated
images with subsequent images to assess g-CMV effectiveness. Additionally, in
Bernecker et al. (2014), the technique from Chow et al. (2011) was used to select
the highest frequency CMV, determining the strain field using the demons algo-
rithm.

Another approach to simplify cloud motion vectors is by utilizing clustering
algorithms on g-CMVs, categorizing and condensing vast amounts of vectors
into a more manageable representation of global movement (Lin et al., 2023).
Grouping similar CMVs together provides a more generalized view. For in-
stance, algorithms like K-means have been used for this purpose (Marquez &
Coimbra, 2013).

In Zhen et al. (2019), the authors proposed an algorithm combining three
techniques, including CMM, where g-CMYV represents a weighted combination
of these results, with weights determined heuristically.

In contrast to traditional methods relying on m-CMVs and DVFs, newer al-
gorithms aim to calculate g-CMVs directly. For example, Quesada-Ruiz et al.
(2014) proposed an approach based on circular strips centered on the Sun, di-
viding images into distinct segments. Analyzing cloud changes in these segments
helped determine the g-CMV. Subsequent work by Bone et al. (2018) modified
the g-CMYV calculation formula from Quesada-Ruiz et al. (2014) to enhance op-

timization and accuracy.

4.6.4. Cloud Distribution Extrapolation
Cloud Distribution Extrapolation (CDE) is a predictive method used to forecast

cloud movement and evolution based on current observations and past patterns
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(Lin et al., 2023). Despite its effectiveness, CDE encounters challenges such as
reduced accuracy over longer prediction horizons and abrupt changes in wind
conditions. To overcome these limitations, researchers have explored alternative
approaches.

One promising strategy involves utilizing CMV time series, allowing for a
more comprehensive analysis by incorporating historical data (Bernecker et al.,
2014; Dissawa et al., 2017; Lin et al., 2023). Various time series forecasting tech-
niques, including linear regression, moving average filters, and the Kalman filter,
have been investigated to enhance cloud distribution extrapolation (Bernecker et
al., 2014). Additionally, particle filtering and vector autoregressive filters present
viable options for improving the accuracy and reliability of cloud movement

predictions (Bone et al., 2018; Dissawa et al., 2017).

4.7.Validation and Evaluation Metrics

Evaluating the accuracy and effectiveness of cloud tracking methods can be
challenging due to the diversity of metrics used by researchers. Metrics such as
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and others play
a crucial role in objectively evaluating the performance of cloud tracking models
and algorithms. Studies like Peng et al. (2015) have utilized metrics like MAE
and RMSE to assess cloud tracking accuracy, where MAE measures average ac-
curacy and RMSE penalizes larger errors more significantly.

Similarly, Nouri et al. (2019) employed MAE and RMSE to validate cloud
height and movement vectors, while Eslik et al. (2021) utilized metrics like
RMSE, MAE, and Mean Absolute Percentage Error (MAPE) to evaluate the ef-
fectiveness of ANN in predicting cloud movements. In Chow et al. (2015), the
accuracy of the VOF method’s forecasts was evaluated by transforming binary
cloud images into Cartesian coordinates to create a “cloud map”, which was then
compared with predictions from the CCM method. The accuracy assessment
involved superimposing the actual cloud map onto the “advected” cloud map
and calculating the pixel-wise error, termed “Matching Error”.

In Magnone et al. (2017), it was utilized to assess the performance of cloud
detection and movement identification. In Bernecker et al. (2014), Precision,
Recall, and F2 Score were employed initially to evaluate occlusion predictions’
accuracy and recall. Later, RMSE was used to assess the second stage of the
methodology.

Meanwhile, Peng et al. (2015) introduced the Success Tracking Index (STI),
measuring the percentage of dataset instances where all 25 solar blocking pixels
were successfully included. In the study by Peng et al. (2015), five metrics were
utilized to evaluate the model’s performance. These metrics include the Colorful
OF Map, Average Angular Error (AAE), Standard Deviation of Angular Error
(STDANG), Average End Point Error (AEPE), and MAE. Each metric serves a
specific purpose in assessing the accuracy and effectiveness of the model in pre-

dicting cloud movement.
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In the study by Zaher et al. (2017), Peak Signal-to-Noise Ratio (PSNR) and
MSE metrics were employed to assess algorithms, focusing on image intensity
and reconstruction accuracy. In contrast, Ao et al. (2019) evaluated cloud track-
ing methods based on prediction accuracy, distinguishing correct and incorrect
pixel predictions. They measured tracking accuracy by the proportion of correct
predictions to the total number of pixels, excluding undefined pixels.

Each article presents its own methodology for detecting, calculating CMV and
tracking clouds. Each technique used has specific metrics suitable for its evalua-
tion, and it is common for articles to use more than one type of metric to ensure
a comprehensive analysis. This diversity of metrics and methodologies, however,
complicates direct comparison between studies, making it difficult to determine
which is the best metric or tracking technique. Each set of metrics can highlight
different aspects of a technique’s performance, such as accuracy, robustness,
computational efficiency, or resilience to adverse conditions.

As a result, there is no clear way to identify the most effective metric or most
accurate tracking technique without a unified data set and standardized bench-
marking methodology. Cloud detection and tracking are fundamental for several
areas, including the study of solar irradiation. Understanding the movement and
distribution of clouds makes it possible to predict the amount of sunlight reach-
ing the Earth’s surface, which is crucial for managing solar energy systems and

predicting climate.

5. Solar Irradiation Prediction

Solar irradiance, encompassing Direct Normal Irradiance (DNI), Diffuse Hor-
izontal Irradiance (DHI), and Global Horizontal Irradiance (GHI), plays a
crucial role in PV systems, directly impacting energy output. DNI, with its di-
rect and intense nature, is particularly significant for PV energy generation,
while GHI serves as a pivotal parameter in assessing the capacity and energy
potential of PV technology. Various studies, including Bernecker et al. (2014);
Bone et al. (2018); Caldas & Alonso-Su’arez (2019); Canadillas et al. (2018);
Chow et al. (2011); Magnone et al. (2017); Marquez & Coimbra (2013); Peng et
al. (2015); Quesada-Ruiz et al. (2014); Richardson et al. (2017a, 2017b); Xu et
al. (2015); Zaher et al. (2017), have underscored the importance of these com-
ponents.

In forecasting solar irradiance, quantitative methods predominate, providing
numerical values related to irradiance. Three primary predictive models are
identified in recent research, including Indirect Forecasting, ML Forecasting,
and a hybrid approach that integrates both direct and indirect methods, as out-
lined in Lin et al. (2023).

5.1. Solar Indirect Forecast

Solar forecasting through the indirect method involves using cloud forecast re-
sults as input, focusing on interpreting cloud characteristics to deduce their im-

pact on solar irradiation. Inputs like cloud rada results, estimated CVM, and
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cloud motion maps (CMM) serve as indicators of atmospheric state correlated
with solar irradiation. Local information is leveraged in works such as Bone et al.
(2018); Chang et al. (2017); Marquez & Coimbra (2013); Quesada-Ruiz et al.
(2014), where segmentation techniques like block ladder and sector ladder
methods are utilized to identify and categorize specific regions in images, aiding
in delineating cloud areas for detailed analysis of their characteristics and
movements.

In the study of Marquez and Coimbra (2013), the block ladder approach was
adopted due to its ability to identify and track small regions of interest in the
images. The sector ladder, used in Bone et al. (2018); Quesada-Ruiz et al. (2014),
is particularly effective in distributing images in radial segments, facilitating the
analysis of cloud movement patterns in specific directions.

An alternative approach to solar forecasting involves incorporating global
scope information, focusing on broader-scale variables and trends. This strategy
typically involves two phases: extrapolating cloud distribution using terrestrial
images to anticipate future conditions, followed by correlating the projected im-
age with effective solar irradiance.

Geometric models, as described in Cervantes et al. (2016); Chow et al. (2011),
form the basis of the first approach. Here, pixels in the image are projected onto
the ground following an optical path, with solar irradiance estimated using cloud
radar (CR) results for the corresponding pixel.

In the data-driven approach, real datasets are utilized to train a function map-
ping images directly to solar irradiance. This function often incorporates select-
ed features extracted directly from images or derived from CR results as primary
inputs, as outlined in Marquez and Coimbra (2013).

Over time, various mapping functions have been explored and evaluated for
their effectiveness in solar forecasting. These include traditional techniques like
simple linear regression (Marquez & Coimbra, 2013) as well as more advanced
ML methods incorporating non-linear models (Moncada, Richardson Jr., & Ve-
ga-Avila, 2018). However, both geometric and data-based approaches face chal-
lenges and limitations that can affect the accuracy of solar predictions.

Geometric methods, while theoretically accurate, have shown instability in
solar forecasts, as noted in studies such as Richardson et al. (2017a, 2017b). On
the other hand, data-based approaches require large datasets and are sensitive to
noise and anomalies (Lin et al., 2023).

In both methodologies, abrupt variations in atmospheric conditions or unex-
pected occurrences can impact the accuracy of estimates, such as obscuration
and reduction events. For instance, in Dissawa et al. (2017), the author initially
identifies the solar position in the image and then tracks cloud movement to-
wards the sun. However, this approach is prone to errors, leading to the proposal
of more robust methods to address this deficiency (Lin et al., 2023).

5.2. Machine Learning-Based Forecasting

In the subsequent sections, we explore the potential and constraints of ML tech-
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niques in forecasting solar irradiation using ground cloud images.

5.2.1. Convolutional Neural Networks

In solar forecasting via the direct method, supervised ML techniques aim to es-
tablish a direct link between images and solar irradiance. The CNNs have
emerged as powerful tools for this purpose due to their ability to recognize spa-
tial patterns in images effectively, including cloud formations and light intensity
(Lin et al., 2023).

CNNs excel in capturing complex spatial patterns and hierarchies in images,
preserving and exploring both local and global relationships within the image
data. However, in cases where subtle or less obvious image features are more
relevant for prediction, algorithms focusing on one-dimensional input data may
be more suitable. Manual feature extraction from images allows researchers to
focus on specific image aspects that strongly correlate with solar irradiance.

The study by Paletta and Lasenby (2020) introduces an irradiance estimation
model that combines a CNN, utilizing ResNet units to analyze sky images, with
an ANN processing auxiliary data. The integration of both pieces of information
by another ANN generates forecasts, showing that CNNs can effectively predict
future irradiance based on past sky image sequences. However, the model has
limitations in predicting sudden irradiance changes, suggesting the inclusion of
historical data for improved analysis.

Similarly, Leelaruji and Teerakawanich (2020) and Tiwari et al. (2019) esti-
mate cloud movement vector direction and velocity from images using the Far-
neback method. They propose a combined technique of image processing and a
CNN based on ResNet to predict solar irradiance fluctuation from sky images
and trigger alert systems 1 to 2 minutes in advance.

In CNN architecture for ground image-based strategies, challenges arise due
to cloud images occupying large spaces, necessitating deeper convolution net-
works and expanded convolution cores for effective learning. To address this,
dilated convolution can expand the convolution kernel size without increasing
weight parameters. Additionally, replacing conventional convolution blocks with
residual blocks helps mitigate setbacks from excessively deep CNNs.

5.2.2. Long-Short Term Memory

In studies by Eslik et al. (2021); Eslik, Akarslan, and Hocaoglu (2022), the inte-
gration of conventional image processing techniques with LSTM models
demonstrates a potent system for predicting irradiance from cloud image analy-
sis. They employ the ShiTomasi method to identify characteristic points in celes-
tial images and track them across sequences using the Lucas-Kanade algorithm.
The LSTM model is then trained to predict real-time irradiance from these cloud

image sequences, enabling short-term solar radiation estimation.

5.2.3. Regression Algorithms
Using linear regression for estimating solar irradiation from cloud images

proves to be effective due to the continuous variability of solar irradiation. Re-
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gression models are adept at predicting values on a continuous scale, making
them accurate instruments for evaluating irradiation levels. Moreover, they offer
flexibility in integrating additional information, such as weather data, to en-
hance prediction accuracy.

In Al-lahham, Theeb, Elalem, Alshawi, and Alshebeili (2020), an algorithm is
introduced for identifying distinct features in celestial images, employing ML
strategies to calculate the IGH. Regression models, particularly Random Forest
(RF) and K-Nearest Neighbors (KNN), are utilized to build these models.

In Chang et al. (2017), four methods are explored for solar irradiation estima-
tion. These include Brightness Ratio Delta-Based Regression (delta RBR), con-
ventional linear regression, Support Vector Regression (SVR) with linear and
non-linear kernels. Both linear and non-linear models, based on features in-
ferred from celestial images, exhibit significant accuracy improvements over the
standard persistence model, offering more reliable insights into solar irradiation

patterns.

5.3. Validation and Evaluation Metrics

Irradiance metrics in images serve as crucial parameters for evaluating the effi-
ciency and accuracy of solar irradiation forecasting methods. In various studies
such as Al-lahham et al. (2020); Bernecker et al. (2014); Bone et al. (2018); Ca-
nadillas et al. (2018); Cervantes et al. (2016); Chang et al. (2017); Marquez &
Coimbra (2013); Quesada-Ruiz et al. (2014); Richardson et al. (2017b); Tiwari et
al. (2019), a range of metrics have been utilized for evaluating solar irradiance
prediction models. These include MAE, RMSE, nMAPE, nRMSE, and MBE.

6. Discussion and Conclusion

In this article, we present a systematic review of the cloud tracking process using
images obtained from the ground, aiming at nowcasting predictions. The organ-
ization of this article is structured into four fundamental steps: Observational
Data, Cloud Recognition Methods, Cloud Tracking Methods and Solar Irradia-
tion Prediction.

Cloud tracking articles that use terrestrial imagery rely on observational data
collected by cameras with angled lenses such as TSI or fisheye lenses. Few studies
have used cameras without angled lenses to collect data. Both approaches have
advantages and disadvantages.

Cameras with angled lenses have the advantage of having a wide field of view,
however, these lenses can introduce distortions that make data analysis more
complex. Cameras without angled lenses have the advantage of less distortion
and are more affordable. However, its field of view is more restricted, which re-
sults in more limited coverage.

One of the main problems and difficulties that writers encounter is cloud edge
detection. The change in image brightness is highly unpredictable due to the
changes that sky lighting can cause throughout the day and in different weather
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conditions. Image processing techniques are frequently used by authors, such as
thresholding, color segmentation, filters and mathematical morphology. How-
ever, more recent research has employed machine learning techniques such as
SVM and KNN for cloud detection and is showing promising results.

Detecting clouds can also be tricky when they move quickly, making real-time
tracking equally challenging. The practice of cloud tracking based on terrestrial
images has gained prominence, especially in real-time monitoring of energy sys-
tems powered by high-penetration solar generation.

Cloud tracking involves applying techniques such as BM, OF, FM and
ML-based methods to calculate CMV. Techniques such as OF and DVF require
significant computational resources, especially for high-resolution images. The
technique most adopted by researchers to track clouds through terrestrial images
is OF, which is based on the analysis of pixel displacement between consecutive
images. Within this approach, the Lucas-Kanade algorithm is often used. Alt-
hough this method offers several advantages, it has the limitation of being sensi-
tive to changes in lighting and may be ineffective when clouds undergo rapid
shape changes.

As highlighted previously, DL techniques have been used in more recent
studies to identify and track clouds in images. These methods are capable of
handling a wide range of cloud shapes and varieties and have the advantage of
learning complex patterns directly from the data. However, they require large
volumes of data and great computational power.

ML methods, such as CNN, LSTM and regression algorithms, are also in-
creasingly used to predict solar irradiation and, consequently, energy generation
in photovoltaic plants. Most articles employed hybrid models that combine dif-
ferent techniques and approaches to take advantage of the individual advantages
of each method and overcome their limitations. In the context of cloud tracking
and solar irradiance forecasting, hybrid models are especially useful for improv-
ing the accuracy and robustness of forecasts. The combination of OF and ML
combines the accuracy of Optical Flow in estimating pixel-by-pixel motion with
the learning ability of ML models to adjust and improve motion vectors.

The diversity of metrics and the lack of standardization make it difficult to di-
rectly compare results between different studies. Each method has advantages,
limitations and disadvantages. However, given that existing studies greatly di-
versify the techniques used and rarely compare one model with another, it be-

comes a challenge to determine which approach is the most effective.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this pa-

per.

References

Al-lahham, A., Theeb, O., Elalem, K., Alshawi, T., & Alshebeili, S. (2020). Sky Im-
ager-Based Forecast of Solar Irradiance Using Machine Learning. Electronics, 9, Article

DOI: 10.4236/ajcc.2024.133021

470 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021

J. M. Arrais et al.

No. 1700. https://doi.org/10.3390/electronics9101700

Ao, ]J. O.Z, Xuer, S. T., Salinas, S. V., & Chin, L. S. (2019). A Short Term Cloud Tracking
Model Based on the Bruhn Optical Flow Method. In 2019-2019 IEEE International
Geoscience and Remote Sensing Symposium (pp. 7598-7601). IEEE.
https://ieeexplore.ieee.org/abstract/document/8899104

Arrais, J. M., Martins, B. J., Chaves, T. Z. L., Cerentini, A., Netto, S. L. M., & von Wangen-
heim, A. (2022). Systematic Literature Review on Ground-Based Cloud Tracking Meth-
ods for Nowcasting and Short-Term Forecasting.

Arya, P. S. (2001). Introduction to Micrometeorology. Elsevier.
Bel, G., & Bandi, M. M. (2019). Geographic Dependence of the Solar Irradiance Spectrum

at Intermediate to High Frequencies. Physical Review Applied, 12, Article ID: 024032.
https://doi.org/10.1103/physrevapplied.12.024032

Bernecker, D., Riess, C., Angelopoulou, E., & Hornegger, J. (2014). Continuous Short-Term
Irradiance Forecasts Using Sky Images. Solar Energy, 110, 303-315.
https://doi.org/10.1016/j.solener.2014.09.005

Bojek, P. (2022). Solar PV Report 2022. Tech. Rep., International Energy Agency-IEA.
https://www.iea.org/reports/solar-pv

Bone, V., Pidgeon, J., Kearney, M., & Veeraragavan, A. (2018). Intra-Hour Direct Normal
Irradiance Forecasting through Adaptive Clear-Sky Modelling and Cloud Tracking.
Solar Energy, 159, 852-867. https://doi.org/10.1016/j.solener.2017.10.037

Bruhn, A., Weickert, J., & Schnorr, C. (2005). Lucas/Kanade Meets Horn/Schunck: Com-
bining Local and Global Optic Flow Methods. International Journal of Computer Vi-
sion, 61,211-231. https://doi.org/10.1023/b:visi.0000045324.43199.43

Cai, C., & Aliprantis, D. C. (2013). Cumulus Cloud Shadow Model for Analysis of Power
Systems with Photovoltaics. JEEE Transactions on Power Systems, 28, 4496-4506.
https://doi.org/10.1109/tpwrs.2013.2278685

Caldas, M., & Alonso-Suarez, R. (2019). Very Short-Term Solar Irradiance Forecast

Using All-Sky Imaging and Real-Time Irradiance Measurements. Renewable Energy,
143, 1643-1658. https://doi.org/10.1016/j.renene.2019.05.069

Canadillas, D., Gonzalez-Diaz, B., Rodriguez, J., Rodriguez, J., & Guerrero-Lemus, R.
(2018). A Low-Cost Two-Camera Sky-Imager Ground-Based Intra-Hour Solar Fore-
casting System with Cloud Base Height Estimation Capabilities Working in a Smart
Grid. In 2018 IEEE 7th World Conference on Photovoltaic Energy Conversion (WCPEC)
(A Joint Conference of 45th IEEE PVSC, 28th PVSEC & 34th EU PVSEC) (pp. 2282-2287).
IEEE. https://doi.org/10.1109/pvsc.2018.8548294

Cazorla, A., Olmo, F. J., & Alados-Arboledas, L. (2008). Development of a Sky Imager for
Cloud Cover Assessment. Journal of the Optical Society of America A, 25, 29-39.
https://doi.org/10.1364/josaa.25.000029

Cervantes, M., Krishnaswami, H., Richardson, W., & Vega, R. (2016). Utilization of Low
Cost, Sky-Imaging Technology for Irradiance Forecasting of Distributed Solar Genera-
tion. In 2016 IEEE Green Technologies Conference (GreenTech) (pp. 142-146). IEEE.

https://doi.org/10.1109/greentech.2016.33

Chang, M., Yao, Y., Li, G., Tong, Y., & Tu, P. (2017). Cloud Tracking for Solar Irradiance
Prediction. In 2017 IEEE International Conference on Image Processing (ICIP) (pp.
4387-4391). IEEE. https://doi.org/10.1109/icip.2017.8297111

Chen, S., Li, P., Brady, D., & Lehman, B. (2010). The Impact of Irradiance Time Behaviors
on Inverter Sizing and Design. In 2010 IEEE 12th Workshop on Control and Modeling
for Power Electronics (COMPEL) (pp. 1-5). IEEE.

https://doi.org/10.1109/compel.2010.5562387

DOI: 10.4236/ajcc.2024.133021

471 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021
https://doi.org/10.3390/electronics9101700
https://ieeexplore.ieee.org/abstract/document/8899104
https://doi.org/10.1103/physrevapplied.12.024032
https://doi.org/10.1016/j.solener.2014.09.005
https://www.iea.org/reports/solar-pv
https://doi.org/10.1016/j.solener.2017.10.037
https://doi.org/10.1023/b:visi.0000045324.43199.43
https://doi.org/10.1109/tpwrs.2013.2278685
https://doi.org/10.1016/j.renene.2019.05.069
https://doi.org/10.1109/pvsc.2018.8548294
https://doi.org/10.1364/josaa.25.000029
https://doi.org/10.1109/greentech.2016.33
https://doi.org/10.1109/icip.2017.8297111
https://doi.org/10.1109/compel.2010.5562387

J. M. Arrais et al.

Cheng, H. (2017). Cloud Tracking Using Clusters of Feature Points for Accurate Solar Ir-
radiance Nowcasting. Renewable Energy, 104, 281-289.
https://doi.org/10.1016/j.renene.2016.12.023

Cheng, H., & Lin, C. (2017). Cloud Detection in All-Sky Images via Multi-Scale Neigh-
borhood Features and Multiple Supervised Learning Techniques. Atmospheric Meas-
urement Techniques, 10, 199-208. https://doi.org/10.5194/amt-10-199-2017

Chow, C. W., Belongie, S., & Kleissl, J. (2015). Cloud Motion and Stability Estimation for
Intra-Hour Solar Forecasting. Solar Energy, 115, 645-655.
https://doi.org/10.1016/j.solener.2015.03.030

Chow, C. W, Urquhart, B., Lave, M., Dominguez, A., Kleissl, J., Shields, J. et al. (2011).
Intra-Hour Forecasting with a Total Sky Imager at the UC San Diego Solar Energy
Testbed. Solar Energy, 85, 2881-2893. https://doi.org/10.1016/j.solener.2011.08.025

Denholm, P., & Margolis, R. M. (2007). Evaluating the Limits of Solar Photovoltaics (PV)
in Traditional Electric Power Systems. Energy Policy, 35, 2852-2861.
https://doi.org/10.1016/j.enpol.2006.10.014

Dissawa, D. M. L. H., Ekanayake, M. P. B, Godaliyadda, G. M. R. I, Ekanayake, J. B., &
Agalgaonkar, A. P. (2017). Cloud Motion Tracking for Short-Term On-Site Cloud
Coverage Prediction. In 2017 Seventeenth International Conference on Advances in
ICT for Emerging Regions (ICTer) (pp. 1-6). IEEE.
https://doi.org/10.1109/icter.2017.8257803

do Nascimento, L. R., de Souza Viana, T., Campos, R. A., & Riither, R. (2019). Extreme
Solar Overirradiance Events: Occurrence and Impacts on Utility-Scale Photovoltaic
Power Plants in Brazil. Solar Energy, 186, 370-381.
https://doi.org/10.1016/j.solener.2019.05.008

Dulffie, J. A., & Beckman, W. A. (2006). Solar Engineering of Thermal Process (3rd ed.).
John Willey & Sons Inc.

El Jaouhari, Z., Zaz, Y., & Masmoudi, L. (2015). Cloud Tracking from Whole-Sky
Ground-Based Images. In 2015 3rd International Renewable and Sustainable Energy
Conference (IRSEC) (pp. 1-5). IEEE. https://doi.org/10.1109/irsec.2015.7455105

Eslik, A. H., Akarslan, E., & Hocaoglu, F. O. (2021). Cloud Motion Estimation with ANN

for Solar Radiation Forecasting. In 2021 International Congress of Advanced Technol-
ogy and Engineering (ICOTEN) (pp. 1-5). IEEE.

https://doi.org/10.1109/icoten52080.2021.9493523

Eslik, A. H., Akarslan, E., & Hocaoglu, F. O. (2022). Short-Term Solar Radiation Fore-
casting with a Novel Image Processing-Based Deep Learning Approach. Renewable
Energy, 200, 1490-1505. https://doi.org/10.1016/j.renene.2022.10.063

Fouad, M. M., Shihata, L. A., & Morgan, E. I. (2017). An Integrated Review of Factors In-
fluencing the Perfomance of Photovoltaic Panels. Renewable and Sustainable Energy
Reviews, 80, 1499-1511. https://doi.org/10.1016/j.rser.2017.05.141

Fu, R., Remo, T. W., Margolis, R. M. (2018). 2018 U.S. Utility-Scale Photovoltaics
Plus-Energy Storage System Costs Benchmark.

Golestaneh, F., Pinson, P., & Gooi, H. B. (2016). Very Short-Term Nonparametric Proba-
bilistic Forecasting of Renewable Energy Generation—With Application to Solar En-
ergy. IEEE Transactions on Power Systems, 31, 3850-3863.
https://doi.org/10.1109/tpwrs.2015.2502423

Gonzalez-Moreno, A., Marcos, J., de la Parra, I., & Marroyo, L. (2022). A PV Ramp-Rate
Control Strategy to Extend Battery Lifespan Using Forecasting. Applied Energy, 323,
Article ID: 119546. https://doi.org/10.1016/j.apenergy.2022.119546

DOI: 10.4236/ajcc.2024.133021

472 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021
https://doi.org/10.1016/j.renene.2016.12.023
https://doi.org/10.5194/amt-10-199-2017
https://doi.org/10.1016/j.solener.2015.03.030
https://doi.org/10.1016/j.solener.2011.08.025
https://doi.org/10.1016/j.enpol.2006.10.014
https://doi.org/10.1109/icter.2017.8257803
https://doi.org/10.1016/j.solener.2019.05.008
https://doi.org/10.1109/irsec.2015.7455105
https://doi.org/10.1109/icoten52080.2021.9493523
https://doi.org/10.1016/j.renene.2022.10.063
https://doi.org/10.1016/j.rser.2017.05.141
https://doi.org/10.1109/tpwrs.2015.2502423
https://doi.org/10.1016/j.apenergy.2022.119546

J. M. Arrais et al.

Hamblyn, R. et al. (2021). The Cloud Book: How to Understand the Skies. David and
Charles.

Inman, R. H,, Chu, Y., & Coimbra, C. F. M. (2016). Cloud Enhancement of Global Hori-
zontal Irradiance in California and Hawaii. So/ar Energy, 130, 128-138.
https://doi.org/10.1016/j.solener.2016.02.011

Inman, R. H., Pedro, H. T. C., & Coimbra, C. F. M. (2013). Solar Forecasting Methods for
Renewable Energy Integration. Progress in Energy and Combustion Science, 39,

535-576. https://doi.org/10.1016/j.pecs.2013.06.002
Igbal, M. (1983). An Introduction to Solar Radiation. Academic Press.
Jewell, W., & Ramakumar, R. (1987). The Effects of Moving Clouds on Electric Utilities

with Dispersed Photovoltaic Generation. JEEE Transactions on Energy Conversion, 2,
570-576. https://doi.org/10.1109/tec.1987.4765894

Juncklaus Martins, B., Cerentini, A., Mantelli, S. L., Loureiro Chaves, T. Z., Moreira
Branco, N., von Wangenheim, A. et al. (2022). Systematic Review of Nowcasting Ap-
proaches for Solar Energy Production Based upon Ground-Based Cloud Imaging. Solar
Energy Advances, 2, Article ID: 100019. https://doi.org/10.1016/j.seja.2022.100019

Kariniotakis, G. (2017). Renewable Energy Forecasting: From Models to Applications.
Woodhead Publishing.

Kavlak, G., McNerney, J., & Trancik, J. E. (2018). Evaluating the Causes of Cost Reduc-
tion in Photovoltaic Modules. Energy Policy, 123, 700-710.
https://doi.org/10.1016/j.enpol.2018.08.015

Lappalainen, K., & Valkealahti, S. (2017). Photovoltaic Mismatch Losses Caused by Mov-
ing Clouds. Solar Energy, 158, 455-461. https://doi.org/10.1016/j.solener.2017.10.001

Leelaruji, T., & Teerakawanich, N. (2020). Short Term Prediction of Solar Irradiance
Fluctuation Using Image Processing with Resnet. In 2020 8th International Electrical
Engineering Congress (IEECON) (pp. 1-4). IEEE.
https://doi.org/10.1109/ieecon48109.2020.229573

Li, Q., Lu, W., & Yang, J. (2011). A Hybrid Thresholding Algorithm for Cloud Detection
on Ground-Based Color Images. Journal of Atmospheric and Oceanic Technology, 28,
1286-1296. https://doi.org/10.1175/jtech-d-11-00009.1

Lin, F., Zhang, Y., & Wang, J. (2023). Recent Advances in Intra-Hour Solar Forecasting:
A Review of Ground-Based Sky Image Methods. International Journal of Forecasting,
39, 244-265. https://doi.org/10.1016/j.ijforecast.2021.11.002

Lu, Z., Wang, Z., Li, X., & Zhang, J. (2021). A Method of Ground-Based Cloud Motion
Predict: CCLSTM + SR-Net. Remote Sensing, 13, Article No. 3876.
https://doi.org/10.3390/rs13193876

Luoma, J., Kleissl, J., & Murray, K. (2011). Optimal Inverter Sizing Considering Cloud
Enhancement. Solar Energy, 86, 421-429. https://doi.org/10.1016/j.solener.2011.10.012

Magnone, L., Sossan, F., Scolari, E., & Paolone, M. (2017). Cloud Motion Identification
Algorithms Based on All-Sky Images to Support Solar Irradiance Forecast. In 2017
[EEE 44th Photovoltaic Specialist Conference (PVSC) (pp. 1415-1420). IEEE.
https://doi.org/10.1109/pvsc.2017.8366102

Marcos, J., Marroyo, L., Lorenzo, E., Alvira, D., & Izco, E. (2011a). From Irradiance to
Output Power Fluctuations: The PV Plant as a Low Pass Filter. Progress in Photovolta-
ics: Research and Applications, 19, 505-510. https://doi.org/10.1002/pip.1063

Marcos, J., Marroyo, L., Lorenzo, E., Alvira, D., & Izco, E. (2011b). Power Output Fluctu-
ations in Large Scale Pv Plants: One Year Observations with One Second Resolution
and a Derived Analytic Model. Progress in Photovoltaics: Research and Applications,

DOI: 10.4236/ajcc.2024.133021

473 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021
https://doi.org/10.1016/j.solener.2016.02.011
https://doi.org/10.1016/j.pecs.2013.06.002
https://doi.org/10.1109/tec.1987.4765894
https://doi.org/10.1016/j.seja.2022.100019
https://doi.org/10.1016/j.enpol.2018.08.015
https://doi.org/10.1016/j.solener.2017.10.001
https://doi.org/10.1109/ieecon48109.2020.229573
https://doi.org/10.1175/jtech-d-11-00009.1
https://doi.org/10.1016/j.ijforecast.2021.11.002
https://doi.org/10.3390/rs13193876
https://doi.org/10.1016/j.solener.2011.10.012
https://doi.org/10.1109/pvsc.2017.8366102
https://doi.org/10.1002/pip.1063

J. M. Arrais et al.

19,218-227. https://doi.org/10.1002/pip.1016

Marcos, J., Storkél, O., Marroyo, L., Garcia, M., & Lorenzo, E. (2014). Storage Require-
ments for PV Power Ramp-Rate Control. Solar Energy, 99, 28-35.
https://doi.org/10.1016/j.solener.2013.10.037

Marquez, R., & Coimbra, C. F. M. (2013). Intra-Hour DNI Forecasting Based on Cloud
Tracking Image Analysis. Solar Energy, 91, 327-336.
https://doi.org/10.1016/j.solener.2012.09.018

Martins, B. J., Arrais, J. M., Cerentini, A., Mantellj, S., Neto, G. P. R., & von Wangenheim,
A. (2023). Semantic Segmentation of Cloud Images Captured with Horizon-Oriented

Cameras for Nowcasting Applications.

Martins, G. L., Mantelli, S. L., & Riither, R. (2022). Evaluating the Performance of Radi-
ometers for Solar Overirradiance Events. Solar Energy, 231, 47-56.
https://doi.org/10.1016/j.solener.2021.11.050

McCormick, P. G., & Suehrcke, H. (2018). The Effect of Intermittent Solar Radiation on
the Performance of PV Systems. Solar Energy, 171, 667-674.
https://doi.org/10.1016/j.solener.2018.06.043

Moncada, A., Richardson Jr., W., & Vega-Avila, R. (2018). Deep Learning to Forecast So-
lar Irradiance Using a Six-Month UTSA Skyimager Dataset. Energies, 11, Article No.
1988. https://doi.org/10.3390/en11081988

Mori, N. (2002). Introduction to MPIV: User Reference Manual.
http://www.oceanwave.jp/softwares/mpiv_doc/

Nottrott, A., Kleissl, J., & Washom, B. (2012). Storage Dispatch Optimization for
Grid-Connected Combined Photovoltaic-Battery Storage Systems. In 2012 IEEE Power
and Energy Society General Meeting (pp. 1-7). IEEE.
https://doi.org/10.1109/pesgm.2012.6344979

Nouri, B., Kuhn, P., Wilbert, S., Hanrieder, N., Prahl, C., Zarzalejo, L. et al. (2019). Cloud
Height and Tracking Accuracy of Three All Sky Imager Systems for Individual Clouds.
Solar Energy, 177, 213-228. https://doi.org/10.1016/j.solener.2018.10.079

Paletta, Q., & Lasenby, J. (2020). Convolutional Neural Networks Applied to Sky Images
for Short-Term Solar Irradiance Forecasting.

Pavlovi¢, T. M., Radonji¢é, I. S., Milosavljevi¢, D. D., & Panti¢, L. S. (2012). A Review of
Concentrating Solar Power Plants in the World and Their Potential Use in Serbia. Re-
newable and Sustainable Energy Reviews, 16, 3891-3902.
https://doi.org/10.1016/j.rser.2012.03.042

Pecenak, Z. K., Mejia, F. A., Kurtz, B., Evan, A., & Kleissl, J. (2016). Simulating Irradiance
Enhancement Dependence on Cloud Optical Depth and Solar Zenith Angle. Solar En-
ergy, 136, 675-681. https://doi.org/10.1016/j.solener.2016.07.045

Peng, Z., Yu, D., Huang, D., Heiser, J., & Kalb, P. (2016). A Hybrid Approach to Estimate
the Complex Motions of Clouds in Sky Images. Solar Energy, 138, 10-25.
https://doi.org/10.1016/j.solener.2016.09.002

Peng, Z., Yu, D., Huang, D., Heiser, J., Yoo, S., & Kalb, P. (2015). 3D Cloud Detection and
Tracking System for Solar Forecast Using Multiple Sky Imagers. Solar Energy, 118,
496-519. https://doi.org/10.1016/j.solener.2015.05.037

Pierce, B. G, Stein, J. S., Braid, J. L., & Riley, D. (2022). Cloud Segmentation and Motion
Tracking in Sky Images. JEEE Journal of Photovoltaics, 12, 1354-1360.
https://doi.org/10.1109/jphotov.2022.3215890

Quesada-Ruiz, S., Chu, Y., Tovar-Pescador, J., Pedro, H. T. C., & Coimbra, C. F. M.
(2014). Cloud-Tracking Methodology for Intra-Hour DNI Forecasting. Solar Energy,

DOI: 10.4236/ajcc.2024.133021

474 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021
https://doi.org/10.1002/pip.1016
https://doi.org/10.1016/j.solener.2013.10.037
https://doi.org/10.1016/j.solener.2012.09.018
https://doi.org/10.1016/j.solener.2021.11.050
https://doi.org/10.1016/j.solener.2018.06.043
https://doi.org/10.3390/en11081988
http://www.oceanwave.jp/softwares/mpiv_doc/
https://doi.org/10.1109/pesgm.2012.6344979
https://doi.org/10.1016/j.solener.2018.10.079
https://doi.org/10.1016/j.rser.2012.03.042
https://doi.org/10.1016/j.solener.2016.07.045
https://doi.org/10.1016/j.solener.2016.09.002
https://doi.org/10.1016/j.solener.2015.05.037
https://doi.org/10.1109/jphotov.2022.3215890

J. M. Arrais et al.

102, 267-275. https://doi.org/10.1016/j.solener.2014.01.030

Richardson, W., Krishnaswami, H., Shephard, L., & Vega, R. (2017a). Machine Learning
versus Ray-Tracing to Forecast Irradiance for an Edge-Computing Skyimager. In 2017
19th International Conference on Intelligent System Application to Power Systems (ISAP)
(pp. 1-6). IEEE. https://doi.org/10.1109/isap.2017.8071425

Richardson, W., Krishnaswami, H., Vega, R., & Cervantes, M. (2017b). A Low Cost, Edge
Computing, All-Sky Imager for Cloud Tracking and Intra-Hour Irradiance Forecast-
ing. Sustainability, 9, Article No. 482. https://doi.org/10.3390/su9040482

Ruther, R., Tamizh-Mani, G., del Cueto, J., Adelstein, J., Montenegro, A., & von Roedern,
B. (2003). Performance Test of Amorphous Silicon Modules in Different Climates:
Higher Minimum Operating Temperatures Lead to Higher Performance Levels. In 3rd
World Conference on Photovoltaic Energy Conversion (Vol. 2, pp. 2011-2014). IEEE.

Saleh, M., Meek, L., Masoum, M. A. S., & Abshar, M. (2018). Battery-Less Short-Term
Smoothing of Photovoltaic Generation Using Sky Camera. /EEE Transactions on In-
dustrial Informatics, 14, 403-414. https://doi.org/10.1109/tii.2017.2767038

Sawant, M., Shende, M. K., Feijéo-Lorenzo, A. E., & Bokde, N. D. (2021). The State-of-
the-Art Progress in Cloud Detection, Identification, and Tracking Approaches: A Sys-
tematic Review. Energies, 14, Article No. 8119.
https://doi.org/10.3390/en14238119

Sawin, J.L., Sverrisson, F., Rutovitz, J., Dwyer, S., Teske, S., Murdock, H.E. et al. (2018).
Renewables 2018-Global Status Report. A Comprehensive Annual Overview of the State
of Renewable Energy. Advancing the Global Renewable Energy Transition-Highlights of
the ren21 Renewables 2018 Global Status Report in Perspective. INIS-FR-18-0718.

Shah, R., Mithulananthan, N., Bansal, R. C., & Ramachandaramurthy, V. K. (2015). A Re-
view of Key Power System Stability Challenges for Large-Scale PV Integration. Renew-
able and Sustainable Energy Reviews, 41, 1423-1436.
https://doi.org/10.1016/j.rser.2014.09.027

Siva Reddy, V., Kaushik, S. C., Ranjan, K. R., & Tyagi, S. K. (2013). State-of-the-Art of
Solar Thermal Power Plants—A Review. Renewable and Sustainable Energy Reviews,
27,258-273. https://doi.org/10.1016/j.rser.2013.06.037

Su, X, Li, T, An, C., & Wang, G. (2020). Prediction of Short-Time Cloud Motion Using a
Deep-Learning Model. Atmosphere, 11, Article No. 1151.
https://doi.org/10.3390/atmos11111151

Sun, S., Ernst, J., Sapkota, A., Ritzhaupt-Kleissl, E., Wiles, J., Bamberger, J. et al. (2014).
Short Term Cloud Coverage Prediction Using Ground Based All Sky Imager. In 2014
IEEE International Conference on Smart Grid Communications (SmartGridComm)
(pp. 121-126). IEEE. https://doi.org/10.1109/smartgridcomm.2014.7007633

Thuillier, G., Perrin, J., Keckhut, P., & Huppert, F. (2013). Local Enhanced Solar Irradi-
ance on the Ground Generated by Cirrus: Measurements and Interpretation. Journal of
Applied Remote Sensing, 7, Article ID: 073543.
https://doi.org/10.1117/1.jrs.7.073543

Tiwari, S., Sabzehgar, R., & Rasouli, M. (2019). Short Term Solar Irradiance Forecast
Based on Image Processing and Cloud Motion Detection. In 2019 IEEE Texas Power
and Energy Conference (TPEC) (pp. 1-6). IEEE.
https://doi.org/10.1109/tpec.2019.8662134

Toreti Scarabelot, L., Arns Rampinelli, G., & Rambo, C. R. (2021). Overirradiance Effect
on the Electrical Performance of Photovoltaic Systems of Different Inverter Sizing
Factors. Solar Energy, 225, 561-568. https://doi.org/10.1016/j.solener.2021.07.055

West, S. R., Rowe, D., Sayeef, S., & Berry, A. (2014). Short-Term Irradiance Forecasting

DOI: 10.4236/ajcc.2024.133021

475 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021
https://doi.org/10.1016/j.solener.2014.01.030
https://doi.org/10.1109/isap.2017.8071425
https://doi.org/10.3390/su9040482
https://doi.org/10.1109/tii.2017.2767038
https://doi.org/10.3390/en14238119
https://doi.org/10.1016/j.rser.2014.09.027
https://doi.org/10.1016/j.rser.2013.06.037
https://doi.org/10.3390/atmos11111151
https://doi.org/10.1109/smartgridcomm.2014.7007633
https://doi.org/10.1117/1.jrs.7.073543
https://doi.org/10.1109/tpec.2019.8662134
https://doi.org/10.1016/j.solener.2021.07.055

J. M. Arrais et al.

Using Skycams: Motivation and Development. So/ar Energy, 110, 188-207.
https://doi.org/10.1016/j.solener.2014.08.038

Xu, J., Yoo, S., Yu, D., Huang, D., Heiser, J., & Kalb, P. (2015). Solar Irradiance Forecast-
ing Using Multi-Layer Cloud Tracking and Numerical Weather Prediction. In Proceed-
ings of the 30th Annual ACM Symposium on Applied Computing (pp. 2225-2230).
ACM, Inc. https://doi.org/10.1145/2695664.2695812

Yordanov, G. H. (2015). A Study of Extreme Overirradiance Events for Solar Energy Ap-
plications Using Nasa’s I3RC Monte Carlo Radiative Transfer Model. Solar Energy,
122, 954-965. https://doi.org/10.1016/j.solener.2015.10.014

Yordanov, G. H., Midtgard, O., Saetre, T. O., Nielsen, H. K., & Norum, L. E. (2013).
Overirradiance (Cloud Enhancement) Events at High Latitudes. JEEE Journal of Pho-
tovoltaics, 3, 271-277. https://doi.org/10.1109/jphotov.2012.2213581

Zaher, A., Thil, S., Nou, J., Traoré, A., & Grieu, S. (2017). Comparative Study of Algo-
rithms for Cloud Motion Estimation Using Sky-Imaging Data. IFAC-PapersOnlLine,
50, 5934-5939. https://doi.org/10.1016/j.ifacol.2017.08.1488

Zhang, C., Du, Y., Chen, X., & Lim, E. G. (2018). Cloud Motion Forecasting and Cloud
Base Height Estimation Using Two Low-Cost Sky Cameras. In 2018 2nd IEEE Confer-
ence on Energy Internet and Energy System Integration (EI2) (pp. 1-6). IEEE.
https://doi.org/10.1109/ei2.2018.8582657

Zhang, S., Dong, Z., Yang, X., Chai, S., Xu, Z., & Qi, D. (2019). Intrahour Cloud Tracking
Based on Optical Flow. In 2019 Chinese Control Conference (CCC) (pp. 3023-3028).
IEEE. https://doi.org/10.23919/chicc.2019.8865296

Zhen, Z., Pang, S., Wang, F., Li, K., Li, Z., Ren, H. et al. (2019). Pattern Classification and
PSO Optimal Weights Based Sky Images Cloud Motion Speed Calculation Method for
Solar PV Power Forecasting. JEEE Transactions on Industry Applications, 55, 3331-3342.
https://doi.org/10.1109/tia.2019.2904927

Zhen, Z., Wang, F., Mi, Z., Sun, Y., & Sun, H. (2015). Cloud Tracking and Forecasting
Method Based on Optimization Model for PV Power Forecasting. In 2015 Australasian
Universities Power Engineering Conference (AUPEC) (pp. 1-4). IEEE.

https://doi.org/10.1109/aupec.2015.7324883

DOI: 10.4236/ajcc.2024.133021

476 American Journal of Climate Change


https://doi.org/10.4236/ajcc.2024.133021
https://doi.org/10.1016/j.solener.2014.08.038
https://doi.org/10.1145/2695664.2695812
https://doi.org/10.1016/j.solener.2015.10.014
https://doi.org/10.1109/jphotov.2012.2213581
https://doi.org/10.1016/j.ifacol.2017.08.1488
https://doi.org/10.1109/ei2.2018.8582657
https://doi.org/10.23919/chicc.2019.8865296
https://doi.org/10.1109/tia.2019.2904927
https://doi.org/10.1109/aupec.2015.7324883

	Systematic Review on Ground-Based Cloud Tracking Methods for Photovoltaics Nowcasting
	Abstract
	Keywords
	1. Introduction
	2. Observation Methods
	Sky Image Preprocessing

	3. Cloud Recognition Methods
	3.1. Thresholding
	3.2. Advanced Image Segmentation
	3.3. Machine Learning

	4. Cloud Tracking Methods
	4.1. Block Matching
	4.2. Cross-Correlation Method
	4.3. Optical Flow
	4.3.1. Sparse Optical Flow
	4.3.2. Dense Optical Flow

	4.4. Feature Matching
	4.5. Machine Learning Approaches
	4.6. Advanced and Complementary Cloud Tracking Methods
	4.6.1. Displacement Vector Field Filtering
	4.6.2. Particle Image Velocimetry
	4.6.3. Global Cloud Motion Vectors
	4.6.4. Cloud Distribution Extrapolation

	4.7. Validation and Evaluation Metrics

	5. Solar Irradiation Prediction
	5.1. Solar Indirect Forecast
	5.2. Machine Learning-Based Forecasting
	5.2.1. Convolutional Neural Networks
	5.2.2. Long-Short Term Memory
	5.2.3. Regression Algorithms

	5.3. Validation and Evaluation Metrics

	6. Discussion and Conclusion
	Conflicts of Interest
	References

