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Abstract

Renewable energy resources have become extremely important in the current context of
air pollution and the production of significant amounts of greenhouse gas emissions that
contribute to global warming. One of the most important renewable energy sources that
has shown the highest growth in recent years is photovoltaic (PV) systems. Due to their
significance, this research presents a review of the applications in which artificial computer
vision can be used in photovoltaic systems. From the results presented in this review, it
will be evident that artificial vision can be applied for several different purposes. The
advantages of using this technique will also be highlighted. Additionally, a systematic
literature review is presented on the research associated with this topic. Through this
review, it will be evident that many advanced algorithms related to image acquisition
equipment have been proposed to ensure high reliability and fast results. This review does
not merely focus on a specific topic or algorithms associated with image processing applied
to photovoltaic systems. Rather, this work presents a broad and comprehensive review
detailing all viable applications and associated computer vision technologies that can be
deployed within these systems. Besides that, the review will clearly specify which work
one is based on public datasets. To allow future reproducibility or research, the links to all
public datasets utilized in the works based on them are included.

Keywords: photovoltaic systems; artificial vision; computer vision; artificial intelligence;
systematic revision

1. Introduction
Energy is fundamental to economic growth in all areas, including industry, commerce,

and agriculture. To meet the growing energy needs, fossil fuels have been the primary
option. However, this type of fuel, in addition to being limited, has been the main cause
of various problems, such as air pollution and global warming. It is therefore essential to
develop and promote technologies to reduce the demand for fossil fuels. This urgency is
critical considering that the energy sector is one of the pillars of growth, development, and
competitiveness in modern companies and economies. In fact, ensuring energy security
and environmental protection are goals of an economy focused on sustainability.
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The production of electricity from renewable energy sources is currently the main
solution to combat dependence on fossil fuels [1]. As such, practically all governments
have encouraged its development and use. For example, the European Union has been
one of the main advocates of using this type of energy. In fact, the starting points for a
European energy policy have been defined as combating climate change, limiting the EU’s
external dependence on imported hydrocarbons, and promoting growth and jobs, thus
providing safe and affordable energy for consumers [2]. The renewable energy sources that
have shown strong growth in recent years and have contributed to changing the energy
paradigm are those based on wind and photovoltaic systems. According to data from the
International Renewable Energy Agency (IREA) [3], the installed capacity of wind and
photovoltaic systems worldwide has grown sharply over the last few years. However, of
these two technologies, the one that has grown the most in recent years is photovoltaics.
In fact, an analysis of the data from the IREA (shown in Figure 1) shows that the installed
capacity of photovoltaic systems worldwide grew by 1854% between 2011 and 2023.

Figure 1. Electricity capacity trends worldwide [3].

Due to the importance of photovoltaic systems, many aspects are fundamental to
consider, such as, for example, PV output power forecast, maintenance, optimization of
their position, and management.

The importance of image processing vision systems has also been seen by the high
number of research works presented in journals and conferences. This also resulted in
several review papers, although they only focused on particular aspects. In [4], a review
was presented to the inspection of PV modules and the detection of faults using imaging
technologies in large-scale PV plants. The focus was on examining the dependability
of PV systems, potential faults that impact PV system performance, the present status
of Infrared Thermography imaging, and innovative imaging methods that can enhance
Infrared Thermography imaging and provide detailed PV module diagnostics. A similar
review was presented, but it focused on UAV-based approaches [5]. A technological
review of the instrumentation for aerial thermographic inspection of photovoltaic plants
was presented in [6]. A review, presented in [7], centered on the application of Infrared
Thermography (IRT) for Photovoltaic (PV) system detection and diagnostics. A review
focusing on different aspects of IR imaging for PV system inspection using Remotely
Piloted Aircraft was conducted in [8]. In [9], a review was provided on fault classification
in operating c-Si PV modules and fault diagnosis through field infrared thermal imaging
(IRTI). A review of the current state and future challenges of infrared imaging in the
context of gigawatt photovoltaic power stations was presented in [10]. Reference [4]
details imaging technologies and analysis methods for photovoltaic (PV) module fault
detection and characterization. A review focusing on evaluating the impact of defects and
degradation on modules from Electroluminescence images was presented in [11]. A review
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that presented various image sources and existing public image datasets was also presented
in [12]. Additionally, it categorized and evaluated current photovoltaic (PV) identification
models. An examination of various techniques for automating various tasks within the
AIRT (Artificial Intelligence-based Intelligent Reactive Tracking) framework of PV power
plants was presented in [13]. A comprehensive discussion of the various types of failures
that can occur in PV modules, along with the methods used to detect them, is presented
in [14]. The focus of the discussion is on the practical application and suitability of these
detection methods for specific problem. Reference [15] presented a review of photovoltaic
module damage and the image processing methods employed for its detection. In [16],
another study presented a comparative investigation of imaging techniques, pre-processing,
and visual fault diagnosis using artificial intelligence models for solar photovoltaic systems.
A review assessing the current state of research on automated inspection of PV defects in
manufacturing facilities, with a particular emphasis on the application of Convolutional
Neural Network (CNN) architectures, was presented by [17]. This type of network is an
advanced version of Artificial Neural Networks (ANNs), primarily designed to extract
features from datasets. The CNN architecture consists of multiple layers, including the
input layer, convolutional layer, pooling layer, and fully connected layers. CNN models
are widely used in Computer Vision applications involving image and video datasets due
to their effectiveness in processing visual data. Several CNN models have been described
in research papers and applied to the field of photovoltaic panels. These models are
distinguished primarily by their architecture, specifically the number and arrangement
of layers and their interconnections. These factors subsequently influence their feature
extraction capacity and computational efficiency.

One of the techniques used with the computer vision is Infrared (IR) thermography.
In [18], a study was presented that offers an overview of the data analysis techniques for
PV defect detection systems. In [19] a review regarding IR thermography applied to Photo-
voltaic (PV) systems is presented. The application of Applied Imagery Pattern Recognition
to the inspection of photovoltaic modules under the commonly employed spectra of true-
color Red, Green, and Blue (RGB), long-wave infrared (LWIR), and electroluminescence-
based short-wave infrared (SWIR) is reviewed in [20]. An analysis of the advancements in
quantitative Electroluminescence (EL) imaging at the module level was presented in [11]. It
examines and assesses the existing literature on various defect and degradation categories,
focusing on the quantitative methodology, required EL imaging input, and the quantitative
performance. In [21], a survey detailed the application of satellite and aerial imagery for
automated detection and capacity assessment of solar PV systems over expansive areas.
In [12], a study that explores the prediction PV area and capacity in large regions, as well
as assessing the geographical potential for rooftop PV installations, was presented.

As verified, many reviews concerning photovoltaic systems and computer vision
have already been presented. However, this review differs from others by not focusing
on a specific topic or algorithms associated with image processing applied to photovoltaic
systems. Instead, this paper presents a comprehensive review of all possible applications
and technologies where computer vision can be applied in these systems.

2. Research Methodology
The study adhered to the PRISMA framework to ensure a systematic and transpar-

ent review process. No formal method for assessing the quality of the included studies
was employed.

In this study, we focus on the use of AI algorithms (machine learning and deep
learning algorithms) in electrical engineering research to examine their application and
relevance in the photovoltaic energy field. In this field, there are different research study
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applications with a focus on the use of AI algorithms employing images as a source of
information. Specifically, this study addresses photovoltaic module applications associated
with computer vision in the following fields: predicting PV areas, power prediction, solar
forecasting, detection of soiling or faults in PV modules, maintenance of PV modules, fault
detection of PV trackers, and maximum power point tracking algorithms.

This study addresses the main research question: What is the current status, including
trends and future directions, of computer image-based approaches used in photovoltaic
energy applications? We conducted a comprehensive literature review to synthesize the rel-
evant information and aim to provide high-level thematic findings based on this synthesis.

This study was performed in three stages:

1. Identification: Papers were retrieved from various databases using predefined search
terms and phrases;

2. Screening: The full text of the retrieved papers was assessed to determine their
applicability and relevance to our research topic;

3. Synthesis: The papers that successfully passed the full-text screening process.

The databases include Google Scholar, Web of Science, IEEE Xplore Library, Wiley
Online Library, EBSCO and Science Direct. All retrieved papers from these databases were
combined, and duplicates were subsequently removed.

During the screening stage, a set of exclusion criteria was applied to remove publica-
tions irrelevant to the research topics, leaving the papers to be included in the study. The
papers that met any of the following five exclusion criteria (EC) were because they did
not align with the purpose of the study: (EC-1) papers not published in English will be
excluded; (EC-2) papers that do not focus on computer image-based algorithms will be
excluded; (EC-3) papers that do not focus on photovoltaic applications will be excluded;
(EC-4) papers that are work-in-progress will be excluded; (EC-5) papers that are books,
magazines, and thesis will be excluded.

In the synthesis stage, relevant information was obtained from the remaining papers.
This information includes publication title, year of publication, research methodology, used
dataset, data analysis techniques, research limitations, and future work.

Furthermore, this review includes papers published since 1996. This also allowed us
to also include foundational or seminal studies that contributed to the early development of
computer image-based approaches in photovoltaic applications. By limiting the literature
search to English-language papers, we may have captured only a portion of the global
studies related to computer image-based approaches on photovoltaic applications.

3. Computer Vision
Computer vision is a field of artificial intelligence that focuses on enabling computers

to interpret, process, analyze, and understand visual data from images and videos. Its goal
is to replicate and enhance the human ability to see and understand the world, providing
machines with the capability to perceive, reason, and act upon visual information. It
uses techniques and algorithms from computer science, mathematics, statistics, machine
learning, and deep learning to extract meaningful information from visual data, enabling
machines to recognize objects, detect patterns, classify images, and perform other tasks
that require visual interpretation. Figure 2 illustrates the key components of a computer
vision system and how they are interconnected.
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Figure 2. Block diagram of the computer vision components.

The first step in computer vision is image acquisition, which involves capturing an
image or video using a camera or other imaging device. Once the image is acquired,
it might be necessary to pre-process it using techniques such as noise reduction, image
enhancement, or color correction, making it easier for the computer to analyze. In the
feature extraction step, the computer analyzes the image to identify and extract specific
features relevant to the task. This might involve detecting edges, corners, or other shapes.
Edge detection is one type of algorithm used in image segmentation to partition an image
into multiple objects. After the relevant features have been extracted, the computer can
perform object recognition within the image. This may involve comparing the image’s
features to a database of known items or using machine learning algorithms to recognize
patterns and shapes. Once the objects within the image have been identified, the computer
can proceed to the final analysis phase. This allows for detailed inspection, enabling tasks
such as tracking the movement of objects over time, recognizing patterns within the image,
or detecting anomalies. Based on image analysis, the computer can make decisions or take
actions, such as controlling a robot arm in a manufacturing plant or detecting potential
hazards in a surveillance video feed.

Some of the most common computer vision types include image classification [22],
object detection [23], object tracking [24], pose estimation [25], semantic or instance seg-
mentation [26], action recognition [27–29], image restoration [30], facial recognition [31],
pattern detection [32], motion analysis [33], and scene reconstruction [34].

Computer vision can quickly surpass human capabilities due to its inherent advantages
in speed, objectivity, continuity, accuracy, and scalability. There are numerous benefits of
computer vision, with applications across a wide range of industries and fields. Some of the
main advantages of computer vision include automation, improved efficiency and accuracy,
enhanced safety, enhanced customer experience, cost savings, and better decision-making.
Some practical and important applications used in various industries include scanning
images, videos, and texts; attendance management systems [35]; detecting and tracking
humans or vehicles [36,37]; medical imaging in clinical applications [38]; manufacturing
quality control [39]; use in pick and place industrial robot controllers [40]; autonomous
driving of vehicles [41]; precision agriculture for grain crops [42]; transportation in smart
cities [43]; and home surveillance and security [44].

The objective of machine vision is the appropriate choice of hardware and software
solutions. The hardware includes components such as cameras, image sensors, lighting,
communication interfaces, and processing units, while the software ensures the necessary
analysis and decision-making capabilities. This inspection technology can cover the entire
electromagnetic spectrum, ranging from gamma rays to radio waves [45]. It provides
visual data, which is the necessary support for computer vision algorithms in real-time or
industrial settings, allowing that data to be processed and interpreted.

Data acquisition is a critical task that necessitates the selection of appropriate hardware,
which itself has specific requirements. For each application, choosing the right camera is
essential. Cameras are typically grouped into categories such as high-resolution, compact,
high-speed, and standard types. The imaging sensors present in cameras may capture data
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as a line scan, a depth perception image replicating three dimensions, or a standard two-
dimensional image where width and height directly correspond to the sensor’s resolution
(number of pixels). Sensors are further characterized by their speed (frames per second)
and the number of colors they capture. Table 1 illustrates the different camera types
corresponding to each imaging sensor used.

Table 1. Different types of cameras.

Camera Type Description Devices

Line scan cameras
Builds up an image one line at a time by
using a line sensor that crosses in a
linear motion with a specific object.

CMOS, GigE, CCD,
CoaXPress, CameraLink

Area scan cameras

Acquire a single image in one frame,
which results in an image with a width
and height directly corresponding to the
number of pixels on a sensor

CMOS, GigE, CCD, CoaXPress,
CameraLink, HDMI, FireWire, Board
level, HD-SDI, USB

Three-dimensional cameras
Allows for depth perception in images,
replicating three dimensions as seen
through human binocular vision.

Three-dimensional laser profile sensors,
3D line profile cameras, 3D time of flight,
3D fringe projection, 3D stereo cameras

Another way of providing images or videos to a computer vision system is through the
use of large datasets. It is necessary to train and test computer vision models by providing
images or videos accompanied by labels, annotations, or metadata. The images in these
datasets are obtained through different methods, which include satellite or aerial imagery.
Commonly used satellite images originate from sources like Landsat-8 [46], Sentinel [47],
SPOT-6/7 [48], and Gaofen-2 [49], with the first two being openly accessed through Google
Earth Engine. Satellite images generally contain multiple spectral bands but typically offer
low resolution. Unmanned aerial vehicles (UAVs) can be used to obtain aerial images [50].

The acquired data utilizes specific hardware to process it efficiently in either parallel
or serialized threads. This hardware must also be low-cost, portable, fast-processing, and
possess an optimized memory architecture for rapid access. With the increasing number of
applications deployed on the edge, additional critical features must be considered when
selecting a development board, specifically edge processing ability and low power con-
sumption. Depending on the type of computer vision application, the processing unit might
vary, including Central Processing Units (CPU), integrated or discrete Graphics Processing
Units (GPU), heterogeneous systems (CPU + GPU + others), Field-Programmable Gate
Arrays (FPGA), Application-Specific Integrated Circuits (ASIC), microcontroller boards,
and embedded systems (smart cameras).

The quality control in the PV production environment can affect the performance of
the installation as a whole and, depending on the deployment’s size, cause clients to suffer
significant financial losses. The micro-cracks in the PV cell surface, when not detected early,
have the potential to grow over their surface substantially over time, intensifying their
negative effects on the lifespan and performance of the PV string. The Electroluminescence
(EL) procedure is effectively an X-ray of the PV cells through image analysis, which enables
the detection of micro-cracks that are hidden from human sight and impossible to detect
using techniques such as flash testing, voltage–ampere characteristics, or infrared imaging
using thermal cameras [51]. An EL camera is used for capturing the illuminated cell surface
image, which occurs when a current is applied into the PV module via an external power
supply. In the EL image, the illuminated surface corresponds to the active area of the cell
surface, with darker regions representing busbar connections in a periodic manner. Other
darker regions that may appear sporadically indicate defective regions. The EL procedure
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can be completed during the manufacturing process or can also be carried out at any point
in the PV lifetime, though it requires some additional investment and expert knowledge of
the EL procedure.

After PV modules are delivered to the client and implemented, if an EL inspection is re-
quested, it is necessary to first use infrared (IR) imaging obtained from thermal cameras [52].
This step helps to detect PV modules that have anomalies, allowing them to be taken out of
the PV string before being sent for the costlier and more specialized EL inspection. The use
of IR imaging for the evaluation of PV modules offers several advantages. A great number
of failures developed on PV modules can be detected using IR imaging, ranging from hot
spots and mismatch losses to installation failures. A typical system is shown in Figure 3.
The IR imaging technique is valuable for non-destructive testing and can be used to scan
large areas of installed PV modules during normal operation.

Figure 3. Typical system for the detection of deteriorated PV modules using a drone with a
thermal camera.

The inspection of solar cells at an early stage of production and development can
also be performed using the Photoluminescence (PL) technique [53]. In this process,
the solar cell is excited by a high-intensity light source at a specific wavelength. The
invisible photoluminescence radiation subsequently emitted by the cell is then detected
by a highly sensitive camera. The PL emissions occur at wavelengths associated with the
semiconductor band gap, which are detectable by high-sensitivity, uncooled, short-wave
infrared (SWIR) cameras.

Ultraviolet fluorescence (UVF) measurements are widely employed across many
applications. For photovoltaic (PV) applications, UVF is specifically used to analyze the
degradation of the encapsulant (the ‘yellowing effect’) in PV modules and to detect cracks
in the solar cells [54]. The UVF method relies on the fluorescence effects of the polymeric
lamination material within a PV module. Fluorescence is a form of luminescence—the
emission of light by an activated material that has absorbed light or other electromagnetic
radiation. A simpler UVF method consists of irradiating the entire PV module with an
excitation light source and observing the fluorescence effect either with the naked eye or
with a camera (UVF imaging). In fluorescence photography, a filter is placed in front of the
camera lens to block unwanted short-wavelength light from entering the camera, as this
light would compromise the resulting image. However, some filters exhibit fluorescence
under UV light and therefore have the potential to produce a color cast on the image. Since
detection operates in three spectral ranges (red, green, and blue), the imaging method
provides qualitative spectral information. Due to the small efficiency of UVF conversion and
the limited emission power of UV LEDs, imaging is often performed in dark environments.
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Table 2 shows the advantages and limitations of IR imaging and the three luminescence
techniques (EL, PL, and UVF) for fault detection in PV modules.

Table 2. Benefits and drawbacks of measuring methodologies.

Infrared Electroluminescence Photoluminescence Ultraviolet Fluorescence

Contactless Non-invasive Contactless Non-destructive

Non-invasive Low-cost technique Non-destructive Unnecessary modification of the
solar PV systems

Identifiable High spatial resolution High spatial resolution

High Gradient Faults Faults Localisation Non-invasive Independent of power supply
state (on/off) of PV Modules

Ideal for Hotspots Ideal for Micro-cracks High repeatability Use simple CCD camera

Not all faults result in
High Temperature

External supply for
Energizing PV Cell High measurement speed Fluorescence signal depends on

the type of defect

High Temperature may not be
due to fault

Output Image Quality
dependent on

external conditions

Do not detect
interconnection failures

Output Image Quality dependent
on external conditions

Limited measurement conditions
on a cloud-free day. Requires electrical contacts

Output Image Quality
dependent on

external conditions
Detect few types of faults

4. Applications of Artificial Vision in Renewable Photovoltaic Systems
Computer vision plays a significantly vital role in numerous sectors, including health-

care, mobility and transportation, surveillance, robotics, augmented reality, and many
others, owing to its ability to extract meaningful information from visual data. However,
one important area in which these systems have been applied is in renewable energy
sources, particularly in photovoltaic systems. In fact, many works have been published in
recent years that demonstrate the importance of this application. However, one fact that is
possible to see from those works is that artificial vision can be applied to several different
applications within renewable photovoltaic systems. Therefore, based on the analysis of
these works, which will be referenced below, the applications in which artificial vision has
been applied are:

- Predicting PV areas;
- Identification of Solar PV power plants;
- Ecological performance of the PV landscape;
- Power prediction of PV generators;
- Fault detection and diagnosis of PV modules;
- Fault detection of PV trackers (Detection of PV modules orientation);
- Orientation of the PV modules;
- Maintenance of PV systems;
- Finding the optimal operating point of photovoltaic panels (MPPT).

Another aspect to consider is the technology associated with each application. In
fact, different technologies can be applied depending on the specific purpose, as will be
discussed below. These aspects are related not only to the hardware technology described
in the previous section but also to the algorithms used in computer science. In this context,
most of the algorithms are based on deep learning approaches. In image processing, deep
learning uses multi-layer convolutional neural networks (CNNs) or similar architectures
to automatically extract visual features and recognize patterns within images. Figure 4
presents the general principle of operation of deep learning. The process operates as fol-
lows: input images are fed into the network in the form of pixel matrices; the early layers
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learn low-level features, such as edges, corners, and textures; deeper layers learn high-level
features, such as shapes, objects, or shading patterns. Through convolution, pooling, and
nonlinear activation functions, the network progressively builds a hierarchical represen-
tation of the visual content. The network then produces a prediction (e.g., classification
or segmentation), and the error between the prediction and the ground truth is computed
and backpropagated, allowing the model to adjust its parameters and improve accuracy.
After training, the network is able to automatically interpret new images, detect relevant
patterns, or classify visual characteristics without manual feature engineering. Thus, deep
learning in image processing relies on layered neural structures to automatically learn and
extract meaningful visual features, enabling tasks such as object detection, segmentation,
shading analysis, and image classification.

Figure 4. Simplified diagram illustrating the flow of information in a Deep Neural Network.

4.1. Predicting PV Areas

The primary objective of PV identification is to estimate the area and capacity of the
photovoltaic system. This is especially important since estimating the installed capacity
and total generation potential of solar photovoltaic (PV) systems can help inform the
development of effective policies aimed at reducing carbon emissions in the relevant sector.
Currently, methods for estimating the number and capacity of installed PV systems include
official registers, crowd-sourced field surveys, behind-the-meter analysis, and identification
through satellite and aerial images. Recent years have seen a surge in research employing
satellite and aerial imagery to map land cover, roads, and buildings [55,56]. Previous studies
have also confirmed that satellite imagery can be successfully employed to identify solar PV
installations. Moreover, this method is at this time the best option available [4,12]. Usually,
this prediction is performed at two levels, at the national or global and rooftop potential.

Several CNN models have been described in research papers and applied to predicting
PV areas. Some models perform instance segmentation (such as Mask R-CNN) or semantic
and panoptic segmentation (such as U-Net or EfficientNet-B7), while others use rectangular
regions (bounding boxes) for detection. The architectures of these model types differ in
the level of precision of their outputs and in the complexity of the tasks they perform.
Traditional machine-learning models, such as the Random Forest algorithm, have also been
used in the field of PV area prediction.

4.1.1. PV at the National or Global Level

One of the fundamental goals of photovoltaic (PV) identification is to estimate the PV
system’s area and capacity. In fact, the forecasting of global solar radiation levels for various
regions is highly significant as it provides valuable guidance for the planning, design, and
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operation of solar energy conversion systems. It also aids in identifying suitable regions
and informing future investment strategies for decision-makers in the solar energy sector.
Thus, several works proposed the use of artificial vision for the identification of the PV
at the national or global level. The methods in these studies were implemented using
images captured by satellites, planes, or unmanned aerial vehicles (UAVs). Conversely,
the acquisition system relied on various technologies, including satellite imagery, charge-
coupled device (CCD) cameras, and infrared thermography.

The work in [57] presents a scalable deep learning framework for generating a global
map of solar panels. This is achieved by identifying their locations and estimating their sur-
face areas using aerial imagery. The system combines an image classification model with a
semantic segmentation model in a two-branch architecture, enabling both accurate detection
and precise delineation of solar panels. The models are trained on a custom-built dataset
of satellite images, specifically curated for this task. This paper [58] presents an enhanced
semantic segmentation network (DeepLabv3+) for more accurate extraction of photovoltaic
(PV) panels from high-resolution remote sensing images. To address under-segmentation
issues, a multi-level context aggregation module is introduced, which improves the model’s
ability to capture detailed features of PV panels and their surroundings by incorporating
rich contextual information across multiple semantic and spatial scales. The authors in [59]
created a comprehensive photovoltaic (PV) dataset using satellite and aerial imagery. The
spatial resolutions of 0.8 m, 0.3 m, and 0.1 m were specifically chosen to correspond to
concentrated PV systems, distributed ground-mounted PVs, and fine-grained rooftop PVs,
respectively. The dataset includes 3716 annotated samples featuring PV installations across
a variety of terrains, such as shrubland, grassland, cropland, saline–alkali land, and water
surfaces, as well as rooftop types including flat concrete, steel tile, and brick. This dataset is
used to evaluate the performance of various deep learning models for PV segmentation
tasks. In [60], a computer algorithm is introduced for the automated detection of photo-
voltaic (PV) panels from very high-resolution color satellite imagery. The method offers a
fast and scalable solution for accurately identifying the location and approximate size of
PV arrays, with significantly higher spatial resolution than existing approaches. This work
represents the first large-scale demonstration of automated PV detection in aerial imagery,
confirming the feasibility of the approach and providing a performance baseline for future
research. In this study [61], the authors enhance a previously developed algorithm [58] for
detecting photovoltaic (PV) arrays in high-resolution aerial imagery. The enhancement is
achieved by integrating two machine learning approaches: a Random Forest (RF) classifier
and a deep convolutional neural network (CNN). In this paper [62], the authors propose a
deep learning solution for accurately detecting and segmenting solar panels from orthorec-
tified RGB aerial imagery covering Washington, DC, San Francisco, CA, and Boston, MA,
from 2011 to 2013. The method not only identifies the locations of solar panels but also
captures their spatial footprint. The approach is based on a custom-designed convolutional
neural network (ConvNet), optimized for the specific challenges of solar panel detection
in urban environments. The article [63] introduces a novel method for automatically ex-
tracting the boundaries of utility-scale photovoltaic (PV) plants using a fully convolutional
network (FCN). Accurate boundary detection is critical for aerial inspection, photogram-
metry, flight path planning, and autonomous monitoring by aerial robots. To support this
task, the authors compile the “Amir” dataset, which includes aerial imagery of PV plants
from multiple countries. The proposed method uses a Mask R-CNN architecture with a
VGG16 backbone to achieve precise boundary detection. In this paper [64], the authors
present ‘DetEEktor’, a novel model capable of simultaneously detecting and classifying six
types of renewable energy (RE) plants in aerial imagery using a Mask R-CNN architecture.
The paper first details the model’s design, architecture, and dataset, then demonstrates its
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effectiveness in addressing data gaps in existing RE system registries. In this study [65], the
authors investigate the effectiveness of deep convolutional neural networks (DCNNs) for
extracting photovoltaic (PV) arrays from high spatial resolution remote sensing (HSRRS)
imagery. Unlike previous work that primarily applied DCNNs without analyzing model
architecture, this research focuses on how different network structures influence extraction
accuracy. The study [66] introduces PVNet, a novel semantic segmentation framework
designed specifically for extracting high-quality, detailed footprints of PV panels in large-
scale solar farms. PVNet is composed of two main modules: The Coarse Prediction Module
(CPM), which integrates low-level local and high-level global features to identify full PV
panel regions and the Fine Optimization Module (FOM), which refines the CPM’s out-
put by aligning panel boundaries more accurately with the ground truth using residual
learning. This paper [67] introduces an enhanced deep learning approach for accurately
segmenting photovoltaic (PV) panels from remote sensing imagery. The method integrates
prior knowledge of PV panel characteristics with a Constraint Refinement Module (CRM)
to improve both localization and shape regularization. The main innovations include: (1)
A color loss function that leverages known color characteristics of PV panels to reduce
confusion with similar-looking objects; (2) A shape loss function based on multi-layer shape
constraints, which sharpens edge definition and refines initial segmentation outputs. In this
paper [68], the authors propose CrossNets, a cross-learning-driven U-Net ensemble, and its
variant Adaptive CrossNets, for the automatic segmentation of rooftop solar panels (RSPs)
in satellite imagery. The method uses a community of generic U-Nets, each initialized
using either transfer learning or standard methods, to improve segmentation accuracy and
robustness. A novel cross-learning strategy is introduced, where each U-Net individually
trains its parameters at every epoch and periodically learns from the best-performing model
in the group. This study [69] proposes a method to identify optimal parking spaces for
solar-powered electric vehicles (EVs) using hemispherical imagery and shading analysis.
Hemispherical images were captured for each parking spot to generate shading matrices,
which were used to calculate a Parking Space Suitability Index (PSSI)—quantifying the
reduction in direct and diffuse solar radiation due to shading during EV charging hours.
To designate exclusive solar EV parking zones, genetic algorithms were employed to group
spatially adjacent parking spaces and select those with the highest PSSI. This approach was
tested on 69 parking spaces at Pukyong National University. Seasonal analysis revealed
that shading patterns were consistent in spring and summer and similarly affected morning
and afternoon periods in autumn and winter. Due to varying sunlight availability, the study
recommends adjusting designated solar EV parking spaces seasonally, optimizing solar
energy capture throughout the year. This study [70] focuses on Chinese coastal provinces
and introduces a random forest classification method that integrates morphological, op-
tical, and SAR data to mitigate the effects of cloud interference in remote sensing. The
identified photovoltaic (PV) areas were further analyzed in relation to geographic and
socioeconomic factors to assess regional development patterns. The study provides critical
insights for evaluating solar power capacity, identifying future development opportunities,
and assessing ecological and environmental impacts in coastal regions. the authors of [71]
developed a physics-based detection method using airborne imaging spectroscopy and
spectral analysis of PV materials. This study demonstrates the potential of airborne and
spaceborne imaging spectroscopy as a reliable tool for automated PV module mapping and
monitoring. Finally, a summary of key aspects for each work is presented in Table 3. These
aspects include image type, method, overall accuracy, and algorithm type.
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Table 3. Summary of key aspects for each work regarding predicting PV areas at the national or global level.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Parhar et al., 2022 [57]
2243 Satelite images (416 × 416 and

600 × 600) 80% training + 20%
validation 2243 images

The method leverages a two-branch deep learning architecture
that performs two tasks simultaneously: image classification and
semantic segmentation. The first branch uses an EfficientNet-B7
for classification, while the second uses a U-Net for pixel-level

segmentation, with the same EfficientNet-B7 serving as its shared
encoder backbone

96% EfficientNet-B7

Qi et al., 2024 [58] 118 RGB (3840 × 2160) An improved DeepLabv3+ semantic
segmentation model DeepLabv3+

Jiang et al., 2021 [59] satellite and aerial imagery RGB
images (1024 × 1024 and 256 × 256) Performance Analysis of Deep Networks for PV Segmentation From 97.9% to

98.4%
U-Net, RefineNet
and DeepLabv3+

Malof et al., 2016 [60] 601 RGB aerial imagery
(5000 × 5000)

A computer algorithm to automatically detect PV panels from
very high-resolution color satellite imagery. A key advantage is its

ability to operate at a much higher spatial resolution than
existing techniques

90% Random Forest Classifier

Malof et al., 2016 [61] RGB aerial imagery

Two algorithms were used for the detection of solar PV arrays in
high-resolution aerial imagery: a Random Forest (RF) and a deep
convolutional neural network (CNN). To improve computational
efficiency, the algorithms operate in a cascade architecture. In this
setup, the Random Forest (RF) first detects potential locations in
the imagery, and the Convolutional Neural Network (CNN) then

processes only those specific areas.

80%
Random Forest classifier and a

deep convolutional neural
network (CNN)

Yuan et al., 2016 [62]

RGB aerial imagery (for the trained
network to two images, each of

which has 40,000 × 30,000 pixels,
For quantitative evaluation, two

images of 5000 × 5000 pixels)

Method for large-scale solar panel mapping from aerial images.
The approach uses a specialized convolutional neural network
(ConvNet) and new training strategies designed to overcome

specific challenges in this task

From 81.2% to
85.5% CNN (ConNet)

Sizkouhi et al., 2020 [63] UAV RGB (80% training + 20%
testing 3580 samples).

The use of two methods: CIP and a Mask R-CNN-based model.
For the latter, the neural network’s architecture was a Mask

R-CNN, which used a modified and fine-tuned VGG16 model for
feature extraction

97% CIP and FCN

Schulz et al., 2021 [64] 38,800 RGB aerial images
(512 × 512)

A Mask R-CNN model for the simultaneous detection and
characterization of six different renewable energy plant types

from aerial imagery
75% Mask R-CNN
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Table 3. Cont.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Li et al., 2023 [65] 2072 RGB images (1024 × 1024)

A comparative study of the performance of seven representative
Deep Convolutional Neural Networks (DCNNs)—AlexNet,
VGG16, ResNet50, ResNeXt50, DenseNet121, Xception, and

Efficient-NetB6—in the task of extracting PV arrays from
HSRRS images

96%

DCNNs—AlexNet, VGG16,
ResNet50, ResNeXt50, Xception,

DenseNet121, and
EfficientNetB6

Wang et al., 2023 [66]

468 RGB aerial images
(11,651 × 7767) 344 RGB images
(5825 × 3884) 263 RGB images

(11,651 × 8953)

This work proposes PVNet, a novel PV panel semantic
segmentation model. The model was trained on a newly

annotated PVP Dataset and tested under various real-world
conditions in China

95% PVNet

Tan et al., 2023 [67] 2455 images (80% training + 20%
validation of 512 × 512)

The method integrates prior knowledge of PV panel characteristics
with a Constraint Refinement Module (CRM) to improve both

localization and shape regularization. It includes: (1) A color loss
function that leverages known color characteristics of PV panels to

reduce confusion with similar-looking objects; (2) A shape loss
function based on multi-layer shape constraints, which sharpens

edge definition and refines initial segmentation outputs

96% EfficientNet-B7

Zhuang et al., 2020 [68]
Training 920 images, validation
231 images, and test 263 images

(256 × 256)

The use of a cross-learning U-Net (CrossNets) and its extension,
Adaptive CrossNets, for the automatic segmentation of residential

solar panels in satellite imagery
75% cross learning driven U-Net

(CrossNets) method

Baek and Choi, 2023 [69] hemispherical images

The optimal installation location for SPEV-only parking spaces
was determined by using hemispherical images to quantitatively

analyze the shadow effect from nearby obstructions. A genetic
algorithm was used to group spatially adjacent parking spaces,
which allowed for the assignment of multiple solar-powered

EV-only parking spots

Genetic algorithm

Jiang et al., 2023 [70] RGB aerial images (70% training +
30% testing 4727 samples)

a random forest classification method that uses information on
morphology, optics, and SAR to address the challenge of cloud

pollution is used. The results were examined in relation to
geographical and socioeconomic factors to assess their

development status

96.9% random forest

Ji et al., 2021 [71] 10 imaging spectroscopy data sets

Identify particular spectral characteristics of photovoltaic (PV)
materials within the optical spectral range and introduce spectral
indices derived from laboratory goniometric measurements taken
at various detection angles, along with a comprehensive labeled

spectral library from HyMAP images

92.8% spectral indices
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The studies presented in Table 3 utilize different image datasets, which makes it im-
possible to directly compare the overall accuracy obtained by the respective methodologies.
Table 4 presents a description of whether the database used for each work is public, thereby
allowing for benchmarking and future research. In the case of public databases, the link to
the specific database utilized for that work is also provided. It is important to note that some
databases referenced as non-public are, in fact, based on public sources. However, they
were categorized as non-public because the specific labeled dataset used for the method
was not clearly released publicly with a download link or DOI in the paper.

Table 4. Databases used for each work regarding predicting PV areas at the national or global level
(all website links accessed on 18 November 2025).

Year and Reference Public Database Source Database

Parhar et al., 2022 [57] No Not available by the authors for benchmarking and further research

Qi et al., 2024 [58] Yes Zenodo
https://zenodo.org/records/5171712

Jiang et al., 2021 [59] Yes Zenodo
https://zenodo.org/records/5171712

Malof et al., 2016 [60] Yes Nature
https://www.nature.com/articles/sdata2016106

Malof et al., 2016 [61] Yes Nature
https://www.nature.com/articles/sdata2016106

Yuan et al., 2016 [62] No Not available by the authors for benchmarking and further research

Sizkouhi et al., 2020 [63] Yes
Github
https://github.com/Amirmoradi94/solar_plant_detection?utm_
source=chatgpt.com

Schulz et al., 2021 [64] No Not available by the authors for benchmarking and further research

Li et al., 2023 [65] Yes Zenodo
https://zenodo.org/records/5171712

Wang et al., 2023 [66] No Not available by the authors for benchmarking and further research

Tan et al., 2023 [67] No Not available by the authors for benchmarking and further research

Zhuang et al., 2020 [68] No Not available by the authors for benchmarking and further research

Baek and Choi,
2023 [69] No Not available by the authors for benchmarking and further research

Jiang et al., 2023 [70] No Not available by the authors for benchmarking and further research

Ji et al., 2021 [71] No Not available by the authors for benchmarking and further research

Several works have focused on using computer vision to predict PV (photovoltaic)
areas at national or global levels. This approach has proven to be the most economical
and practical tool for delivering this important prediction. One major conclusion drawn
from these studies is that image resolution is fundamental to the accuracy of the proposed
methods. The highest reported accuracy was achieved by Sizkouhi et al. (2020) [63]. How-
ever, this finding is not conclusive, as the dataset utilized in that study was not consistent
with those used by other authors. Standardizing the datasets used in future research
is, therefore, critical to drawing definitive conclusions regarding method performance.
Furthermore, a common limitation across many of these works is their failure to account
for the variability in image quality, which is often degraded by factors such as weather
changes, shadows, varying sensor angles, and seasonal changes. Furthermore, aerial im-
agery presents challenges such as occlusions (e.g., from trees or buildings), shadows, and

https://zenodo.org/records/5171712
https://zenodo.org/records/5171712
https://www.nature.com/articles/sdata2016106
https://www.nature.com/articles/sdata2016106
https://github.com/Amirmoradi94/solar_plant_detection?utm_source=chatgpt.com
https://github.com/Amirmoradi94/solar_plant_detection?utm_source=chatgpt.com
https://zenodo.org/records/5171712
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varying brightness, which negatively impact segmentation performance. Based on this
analysis, several avenues for future work can be identified, including:

• Standardization of Datasets: Establish a public and uniform benchmark dataset
to enable objective comparison between algorithms and approaches proposed by
different studies;

• Temporal Monitoring and Analysis: Extend current approaches to incorporate time-
series data for monitoring installation dynamics, enabling the detection of newly
installed, removed, or degraded panels;

• Policy and Infrastructure Integration: Integrate the comprehensive solar panel maps
directly into urban planning tools, energy infrastructure planning systems, and climate
policy dashboards to support data-driven decision-making and incentivize renewable
energy adoption;

• Enhancing Model Robustness: Significantly improve the model’s resilience to chal-
lenging image conditions (e.g., shadows, occlusions, varying lighting, and seasonal
changes). This can be achieved through advanced techniques such as data augmenta-
tion, adversarial training, or the design of more robust network architectures.

4.1.2. Rooftop PV Potential

Distributed photovoltaic (PV) represents an area of growth for renewable energy
generation. Due to the diurnal cycle, weather conditions, and other factors, distributed PV
has a highly variable generation. This means that distributed PV would be expected to
have an impact on grid operations that is different from more traditional forms of electricity
generation. Much research has focused on improving the ability to predict the impacts
of distributed generation on the electricity grid. However, sometimes the data about the
location and capacity of distributed PV installations may be limited or unavailable. In
particular, rooftop PV installations may be difficult to find complete data due to customer
privacy concerns and lack of availability of information at a granular level. Depending on
the specific location, rooftop PV installations may represent a substantial share of installed
capacity [72]. In recent years, using satellite and aerial images to identify land cover types,
road distribution and solar PV buildings has become a popular and a feasible method. The
use of state-of-the-art CNN models, such as Mask R-CNN for roof detection and instance
segmentation, also allows the identification of the roof material, its usable area, and its
orientation [73]. Figure 5 shows an example of the rooftop segmentation including the
flat-roof, hip-roof, shed-roof, or any other.

A dataset of aerial images for semantic segmentation of roof segments and roof su-
perstructures named Roof Information Dataset (RID) was presented by [74]. A semantic
segmentation algorithm based on U-Net is applied to the dataset for extracting roof in-
formation for estimating unexploited rooftop PV potential. However, the lack of shadow
information in 2D aerial images shows the necessity of searching for new approaches such
as merging 2D and 3D data to increase the accuracy of potential estimation. In [75], an
automated method is presented for accurately mapping the geocoordinates of all photo-
voltaic (PV) modules in a plant using incremental structure-from-motion. The method
combines visual cues from drone imagery with GPS trajectory data to localize each module
and extract multiple infrared (IR) images per module. The approach successfully mapped
99.3% of 35,084 modules across four large-scale and one rooftop PV plant, resulting in the
extraction of over 2.2 million IR images. In [76], the authors present a partially automated
method for generating training samples to detect rooftop photovoltaic (PV) systems, elimi-
nating the need for manual labeling. This is achieved by integrating data from the German
Plant Register, Georeferenced Address Data, and Official House Surroundings of Germany
to automatically identify PV-equipped rooftops. Using 100,000 automatically generated



Appl. Sci. 2025, 15, 13285 16 of 93

samples, a RetinaNet-based deep learning model is trained. This paper [77] proposes
a novel method for generating photovoltaic (PV) training samples using a text-guided
stable diffusion inpainting model, enabling the creation of many rooftop PV panel images
across diverse backgrounds. Recent advances in high-resolution satellite imagery and deep
learning offer a pathway to automate Roof Structure Lines (RSLs) extraction, but two key
challenges persist, namely: the diversity in roof shapes, sizes, and spatial configurations
makes it difficult for generic deep learning models to extract relevant RSL features and a
severe class imbalance between RSLs (foreground) and background in satellite imagery
hampers the models’ ability to focus on relevant features. To address these issues, the
study [78] introduces Deep Roof Refiner, a detail-oriented, end-to-end deep learning frame-
work specifically designed for RSL extraction. The rapid growth of the photovoltaic (PV)
industry and the increasing deployment of PV systems underscore the need for accurate, up-
to-date data on installed capacity to support better planning and decision-making. While
traditional manual data collection methods are often labor-intensive and time-consuming,
leveraging satellite and aerial imagery offers a cost-effective and consistent alternative
for estimating PV capacity at scale. Although previous studies have explored the use
of machine learning for PV panel segmentation, the unique challenges of semantic seg-
mentation in this context require careful consideration. In this study [79], the authors
analyze the specific characteristics of PV panel imagery from a computer vision perspective
and highlight several key challenges, such as the severe class imbalance and scattered
distribution of PV panels in images, homogeneous textures combined with heterogeneous
color features, making panel identification non-trivial and the critical resolution threshold
below which effective segmentation performance significantly drops. Accurate statistics
on installed solar energy systems (SES) are vital for stakeholders such as policymakers,
utilities, and financial analysts. For example, grid operators require reliable data on PV
penetration to maintain power quality and grid stability. In this study [80], an automated
method for generating SES statistics using deep learning and image processing is proposed.
Specifically, it employs a U-Net convolutional neural network (CNN) architecture to detect
SES from aerial imagery. In this study [81], a supervised deep learning approach using
convolutional neural networks (CNNs) for pixel-wise segmentation and size detection of
rooftop solar panels is presented. The model is trained on high-resolution aerial imagery
provided by the Swiss Federal Office of Topography. In this paper [82], it is introduced
the 3D-PV-Locator, a novel approach for large-scale, three-dimensional detection of roof-
mounted photovoltaic (PV) systems. Unlike traditional methods that rely solely on aerial
imagery, the 3D-PV-Locator integrates deep learning-based image classification and seg-
mentation with 3D building data to not only identify PV installations but also estimate
their azimuth and tilt angles. The system was evaluated using a comprehensive dataset
of over one million buildings from the official German PV registry. In [83], the identifica-
tion of small, decentralized grid-connected, off-grid PV systems, and solar thermal (ST)
systems using aerial imagery and deep learning to support solar energy market analysis
and statistical reporting is proposed. It is applied to Sweden, a country characterized by a
significant share of small-scale and off-grid solar systems. The analysis covers 3513 km2

across three Swedish municipalities and aims to assess the real-world accuracy of detecting
such systems using aerial image classification. Accurately determining the location and
size of distributed photovoltaic (PV) systems is essential for estimating installed capacity
and assessing untapped generation potential—key to effective planning and deployment
strategies. However, detecting small-scale distributed PVs in complex urban settings using
high spatial resolution remote sensing (HSRRS) imagery remains a challenge. To address
this, the study [84] introduces PV Identifier, an advanced deep learning model specifically
designed to improve the detection of small-scale PV systems. The model incorporates a
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Fine-Grained Feature Layer (FFL) that enhances sensitivity to the small size of residential
PV panels, and a Semantic Constraint Module (SCM) that improves discrimination between
PVs and visually similar background elements. Finally, a summary of key aspects for each
work is presented in Table 5. These aspects include image type, method, overall accuracy,
and algorithm type.

 

Figure 5. Example of a Rooftop image segmentation.

The studies presented in Table 5 utilize different image datasets, which are not always
fully characterized. This prevents a fair comparison of the accuracy obtained by the
methodologies used. Table 6 presents a description of whether the database used for each
work is public, thereby allowing for benchmarking and future research. In the case of public
databases, the link to the specific database utilized for that work is also provided. We note
that certain databases categorized as non-public are based on public sources. However,
they retain the non-public classification because the specific labeled dataset employed in
the method was not explicitly made available with an accessible download link or DOI in
the paper.
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Table 5. Summary of key aspects for each work regarding rooftop PV potential.

Year and Reference Image Type Method Overal Acc. Algorithm Type

Zech and Ranalli, 2020 [72] 13,345 RGB aerial images
(630 × 640)

This study used a Fully Convolutional Neural Network to
identify PV sites in aerial images of Oldenburg, Germany,
which were acquired from Google Maps. However, this

method must be refined to improve its accuracy and assess
its applicability in other environments with different

building construction and rooftop configurations

From 70% to 86% convolutional neural
network (CNN)

Krapf et al., 2022 [74] 1880 roof-centered aerial images

Two novel multiclass datasets are presented for the
semantic segmentation of roof segments and roof

superstructures, respectively. Furthermore, an approach
was developed to evaluate dataset annotation quality with

limited overhead, which was then applied to the initial
roof superstructures dataset

convolutional neural
network (CNN)

Bomme et al., 2022 [75] IR images
This study presents a method for the automatic extraction

and georeferencing of PV modules from aerial infrared
(IR) videos

99.3%

Kleebauer et al., 2021 [76] Digital Orthophotos A method was developed for the automated detection of
PV-equipped buildings Up to 92.77% convolutional neural

network (CNN)

Tan et al., 2024 [77] 50 images to produce a total
of 20,000

This study uses a text-guided stable diffusion inpainting
model to enhance a PV dataset, creating a vast number of
multi-background rooftop PV panel samples. The real and

generated samples are then combined in different
proportions to create a new training set for conducting

ablation experiments

93.2% Stable Diffusion model

Qian et al., 2022 [78] 18 Google Earth satellite (GES)
imagery (0.6 m/pixel)

This study highlights two challenges in using deep
learning networks to create RSLs from satellite imagery. To

address them, a novel detail-oriented deep learning
network (DRR) and a synthetic strategy were designed

63.48% Deep Roof Refiner (DRR)

Li et al., 2021 [79]
satellite/aerial images with
0.15 m/0.3 m/0.6 m/1.2 m

spatial resolution

This paper explores and analyzes the unique
characteristics of PV segmentations from various

perspectives to identify opportunities for improving
existing methods
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Table 5. Cont.

Year and Reference Image Type Method Overal Acc. Algorithm Type

Frimane et al., 2023 [80]
4027 aerial images (320 × 320)

1773 RGB images (5825 × 3884)
263 aerial images (299 × 299)

A U-Net model architecture for SES localization from
aerial images is proposed. The model’s generalizability is
improved by training and testing it on a combined dataset

that includes images from both Sweden and Germany

From 79% to 90% U-net model

Castello et al., 2019 [81] 780 RGB aerial images
(250 × 250)

A supervised method for delineating rooftop solar panels
and detecting their sizes is proposed, which uses

pixel-wise image segmentation based on convolutional
neural networks (CNNs). The method relies on

high-resolution aerial photos provided by the Swiss
Federal Office of Topography. We explored different data
augmentation techniques and varied network parameters

to maximize its performance

94% convolutional neural
network (CNN)

Mayer et al., 2022 [82] aerial images and 3D
building data

A tool called the 3D-PV-Locator has been developed for
the large-scale, three-dimensional (3D) detection of

roof-mounted PV systems. This method fuses data from
aerial images and 3D building models by employing deep
neural networks for image classification and segmentation,

alongside 3D spatial data processing techniques

81% to 93% convolutional neural
network (CNN)

Lindahl et al., 2023 [83]

Orthophotos are taken at a flight
altitude of 3000 m, and each

orthophoto covers 2.5 × 2.5 km
(15,625 × 15,625) with

approximated horizontal
standard errors of 0.2 m

The real-world accuracy of a CNN aerial image
classification algorithm for identifying small,

decentralized PV and ST systems was assessed using
aerial imagery from a combined area of 3513 km2 across

three Swedish municipalities

93.4% convolutional neural
network (CNN)

Lu et al., 2024 [84] 601 aerial orthophotos
(5000 × 5000)

This study proposes a distributed PV identification model,
the PV Identifier, to improve the detection of small

distributed PVs in complex backgrounds from HSRRS
images. The model uses a specially designed Feature

Fusion Layer (FFL) to extract spatially detailed features,
which are tailored to the on-image size of small PVs to

enhance their identification

From 74% to 89% PV Identifier
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Table 6. Databases used for each work regarding rooftop PV potential (all website links accessed on
18 November 2025).

Year and Reference Public Database Source Database

Zech and Ranalli, 2020 [72] No Not available by the authors for benchmarking and further research

Krapf et al., 2022 [74] Yes Github
https://github.com/TUMFTM/RID

Bomme et al., 2022 [75] Yes Github
https://github.com/TUMFTM/RID

Kleebauer et al., 2021 [76] No Not available by the authors for benchmarking and further research

Tan et al., 2024 [77] No Not available by the authors for benchmarking and further research

Qian et al., 2022 [78] No Not available by the authors for benchmarking and further research

Li et al., 2021 [79] Yes Zenodo
https://zenodo.org/records/5171712

Frimane et al., 2023 [80] No Not available by the authors for benchmarking and further research

Castello et al., 2019 [81] No Not available by the authors for benchmarking and further research

Mayer et al., 2022 [82] No Not available by the authors for benchmarking and further research

Lindahl et al., 2023 [83] No Not available by the authors for benchmarking and further research

Lu et al., 2024 [84] No Not available by the authors for benchmarking and further research

The analysis of rooftops using computer image-based approaches is also one of the
most economical and practical tools for delivering this important prediction. One aspect
these studies consistently demonstrate is that image resolution is fundamental to the accu-
racy of the proposed methods. This is evidenced by the high accuracy obtained in works
utilizing high-resolution imagery, such as that by Castello et al. (2019) [81]. Furthermore, it
was observed that combining aerial thermography and Structure-from-Motion (SfM) pro-
vides significant operational and analytical benefits, as shown by Bomme et al. (2022) [75].
In fact, using this approach, it was possible to obtain the highest accuracy. However,
another key conclusion is that the creation of specialized, high-quality datasets inherently
introduces several limitations. Therefore, standardizing the use of datasets is critical for
future research to allow for objective comparisons and the drawing of definitive conclusions
regarding method performance. Furthermore, a common limitation across many of these
studies is their failure to account for variability in image quality, which is frequently de-
graded by factors such as weather, shadows, varying sensor angles, and seasonal changes.
Based on this analysis, several avenues for future work can be identified, including:

• Standardization of Datasets: Promote the creation and use of a publicly available,
standardized benchmark dataset to allow for fair and objective comparisons between
different PV mapping algorithms and studies;

• Enhancing Robustness to Variability: Develop techniques (e.g., data augmentation,
adversarial training, or domain adaptation) to make the model resilient to challenging
conditions such as shadows, occlusions, varying sun angles, and seasonal changes;

• Temporal Monitoring and Change Detection: Extend the approach to incorporate time-
series imagery (multitemporal data) to monitor installation dynamics. This would
allow for the detection of newly installed, removed, or degraded panels over time;

• Application Integration: Integrate the generated solar panel maps into higher-level ap-
plications, such as urban planning tools, energy infrastructure planning, or dashboards
designed for monitoring national-level climate policy targets;

https://github.com/TUMFTM/RID
https://github.com/TUMFTM/RID
https://zenodo.org/records/5171712
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• Model Benchmarking and Comparison: Use the RID as a standardized benchmark to
host challenges or comparative studies, allowing researchers to objectively test and
compare new computer vision algorithms for PV potential assessment.

4.2. Power Prediction of PV Generators

Despite the many benefits of photovoltaic (PV) power generation systems compared
to other renewable energy sources, there are still challenges to integrating them on a large
scale. Factors such as changes in solar irradiation, humidity, airborne dust, temperature,
and wind speed can significantly affect the variability of the output power produced by
the PV system. The unpredictability of weather parameters makes it difficult to accurately
forecast the power output of solar PV systems, which in turn creates challenges for efficient
electric power utility-grid system planning and pricing. In other words, the uncertainty sur-
rounding weather factors can hinder effective planning and pricing in utility-grid systems.
An effective way to address this challenge is by accurately forecasting the power output
of solar PV systems. By performing so, it becomes possible to improve the planning and
operation of utility-grid systems, leading to better management of solar power generation.
This forecast can be realized through advanced computer vision techniques (see Figure 6).
These techniques allow better understanding and predicting the impact of cloud cover
on solar power generation, among other aspects, leading to improved management and
integration of solar energy into utility-grid systems.

Figure 6. Production forecast of PV generators using advanced computer vision techniques.

Accurate and efficient performance monitoring of photovoltaic (PV) modules is crucial
for reliable economic forecasting in large-scale solar installations. The study referenced
in [85] introduces a transparent approach to distinguish between genuine physical in-
sights and dataset-specific biases learned by convolutional neural networks (CNNs). Deep
learning models, particularly CNNs, can automate the prediction of module power out-
put directly from electroluminescence (EL) images. However, these models require large
datasets of EL images from defective modules for training. Due to financial or technical
constraints, such datasets are often biased, which limits the model’s ability to generalize.
To evaluate whether the network learns underlying physical principles or simply overfits
to data bias, the study uses synthetic EL images generated from a predefined, unbiased
feature set. The predictions of the CNN trained on real, biased data are then compared
to those of a physics-based equivalent model. Discrepancies between the two reveal the
extent of the model’s bias. This methodology allows for an in-depth assessment of how
much true physical understanding a deep learning model incorporates, offering valuable
insights into its predictive capabilities and reliability.

In PV generator power prediction, the U-Net model and its variants are used to
estimate solar energy. The U-Net architecture is a type of CNN specifically designed for
image segmentation. In this application, U-Net is used to segment PV panels and determine
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their total area. The study [86] presents a deep learning-based approach for estimating solar
energy potential from satellite imagery using image segmentation techniques. While many
studies focus on network architecture, this work emphasizes the importance of high-quality
annotated data for accurate segmentation results. The research evaluates five popular
segmentation architectures—UNet, UNet++, Feature Pyramid Network (FPN), Pyramid
Scene Parsing Network (PSPNet), and DeepLabV3—each tested with various encoders.
After segmenting rooftop and ground-mounted solar panels, the pixel count is converted
into surface area, adjusted for the average panel tilt angle. Using this calculated area, the
annual energy output is estimated by factoring in average panel efficiency, global tilted
solar irradiation, and system loss coefficients.

To accurately estimate electricity generation and assess the socio-economic impact of
solar photovoltaic (PV) systems, it is essential to identify installed PV areas and quantify
capacity over large regions. However, conventional deep learning models struggle to
segment small, dispersed PV arrays with precise boundaries due to complex backgrounds,
visual similarity to non-PV objects, and varying lighting conditions. To address these
challenges, the study [87] introduces the Deep Solar PV Refiner, a detail-oriented deep
learning network designed for enhanced PV segmentation from satellite imagery. The
model integrates advanced components, such as Split-Attention Networks for improved
feature representation, Dual-Attention Networks with Atrous Spatial Pyramid Pooling
for multi-scale context understanding and PointRend for fine-grained boundary refine-
ment. Through transfer learning, synthetic data augmentation, hybrid loss functions, and
extensive ablation studies, the optimized model significantly outperforms benchmarks.

The growing demand for renewable energy to mitigate climate change has significantly
increased the need for accurate detection and capacity estimation of photovoltaic (PV)
installations. However, traditional fully convolutional network (FCN)-based methods often
struggle with modeling long-range dependencies and diverse PV structures—especially
in residential areas—due to their reliance on localized convolution operations. These
limitations hinder accurate semantic segmentation when PV panels vary in size, shape, and
texture. To address these challenges, this study in [88] proposes TransPV, a novel semantic
segmentation model that combines U-Net architecture with a Vision Transformer (ViT). The
main innovations of this study are: (1) Mix Transformer blocks in the encoder to enhance
global context modeling; (2) A U-shaped architecture to integrate multi-level features for
richer representations; (3) A PointRend module in the decoder to refine segmentation
boundaries; and (4) A custom refiner loss function to handle extreme class imbalance
during training.

In response to rising energy demands and carbon reduction goals, many countries—led
by China—are expanding the deployment of water-based photovoltaics (WPV). Mapping
the spatial distribution of WPV using satellite image time series is essential for evaluating its
scale, development potential, and environmental impact. However, reliable spatial data and
studies on WPV distribution remain limited. To address this gap, the study [89] developed
a Random Forest-based classification algorithm using Sentinel time series imagery to detect
and categorize water-based photovoltaics (WPV) installations. The results reveal that by
2019, WPV coverage in China had reached 165 km2, growing at an average rate of 43.8 km2

per year from 2016 to 2019. The majority—95%—are Stationary PV (SPV) systems, while
Floating PV (FPV) accounts for just 5%. Based on the spatial mapping, the study estimates
that WPV contributes approximately 6911 MW of installed capacity and 7.8 TWh of annual
power generation, representing 3.4% and 3.5%, respectively, of China’s total PV capacity
and generation. This research offers a robust, scalable methodology for large-scale WPV
detection and presents detailed spatial data that complements official statistics. The findings
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can support strategic planning, resource allocation, and environmental assessments for
future WPV development.

Modeling and predicting power loss from snow is also vital for economic planning,
load management, and optimizing photovoltaic (PV) systems of all sizes. The paper in [90]
presents a new method to measure snow shedding on PV modules using time-lapse images
captured every five minutes. Applied at a commercial PV plant in Vermont, with modules
arranged in both portrait and landscape orientations, the method processes images to
distinguish snow-covered and clear areas on each module, enabling accurate quantification
of snow coverage and estimation of power output over time.

Finally, a summary of key aspects for each work is presented in Table 7.

Table 7. Summary of key aspects for each work regarding power prediction of PV generators.

Year and
Reference Image Type Method Specific Application

Jurakuziev et al.,
2023 [86]

1058 RGB aerial images
(800 × 800 pixels)

Leverages deep learning segmentation
techniques to estimate solar energy from satellite

imagery. It analyzes and compares the
performance of five distinct architectures—UNet,

UNet++, Feature Pyramid Network (FPN),
Pyramid Scene Parsing Network (PSPNet), and

DeepLabV3-employing various encoders

calculate PV panels area
from satellite images,

leading to accurate solar
energy generation

estimation

Zhu et al.,
2022 [87]

RGB satellite images
covered a 115.6 km2 area
at a resolution of 0.15 m
(7197 manually labeled

PV áreas)

A novel semantic segmentation network for the
accurate identification of PV areas from satellite
imagery. Through the systematic integration of
transfer learning and network refinement, an
optimal network architecture was developed,
which demonstrates superior performance to

DeepLabv3+ across five key performance
metrics, including PV mean IoU, Accuracy,

and F1-score

accurate segmentation of
PV areas from satellite
imagery allowing a PV

installed capacity
estimation

Guo et al.,
2023 [88]

aerial images (dataset
consisting of 17,325 image

patches with
512 × 512 pixels).

Analyzes the challenges of using deep learning
for PV panel segmentation in remote sensing

imagery, specifically addressing visual feature
variations in shape, size, texture, and color. A

novel deep learning framework called TransPV is
proposed. It integrates a Mix Transformer as the
encoder backbone within a U-Net architecture

Accurate segmentation of
PV areas from remote

sensing images allows for
the detection, capacity

estimation, and potential
for electricity generation

Xia et al.,
2022 [89]

81,774 SAR images and
655,367 MSI images

Using satellite image time series, this study
presents a classification algorithm for identifying

and distinguishing between types of floating
photovoltaic (FPV) systems. A novel

classification algorithm leveraging Random
Forest is proposed to extract FPV features and

determine their types from Sentinel time
series data

Mapping the spatial
distribution of water
photovoltaic (WPV)

systems with satellite
image time series for the
estimation of the WPV

power generation

Braid et al.,
2020 [90]

time-series digital images
of the modules taken at

5 min intervals

A method for quantifying snow coverage of PV
modules and modeling the corresponding loss of

module power, and temporal metrics for
comparing snow shedding rates between

modules and systems

quantifying snow
coverage of PV modules

and modeling the
corresponding loss of

module power

Table 8 describes the public status of the database utilized in each work, thereby
enabling benchmarking and supporting subsequent research. It is possible to observe from
this table that only one study includes a link to a publicly available database.
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Table 8. Summary of key aspects for each work regarding power prediction of PV generators (all
website links accessed on 18 November 2025).

Year and Reference Public Database Source Database

Jurakuziev et al., 2023 [86] No Not available by the authors for benchmarking and
further research

Zhu et al., 2022 [87] Yes Zenodo
https://zenodo.org/records/5171712

Guo et al., 2023 [88] No Not available by the authors for benchmarking and
further research

Xia et al., 2022 [89] No Not available by the authors for benchmarking and
further research

Braid et al., 2020 [90] No Not available by the authors for benchmarking and
further research

As verified, several works have focused on the energy and/or capacity estimation of
photovoltaic (PV) installations. It was possible to verify through these works that computer
image-based systems can be an important support. Most of the works only focused on
the capacity estimation of PV installations. They used different algorithms, but since the
majority did not use the same dataset, the comparisons between them are not conclusive.
This is one of the important gaps in this work and field of application. The only work that
focused specifically on the produced PV energy, more specifically the power losses due to
snow coverage, was Braid et al., 2020 [90]. However, this work cannot be reproduced since
it did not use a public dataset. Based on this analysis, several avenues for future work can
be identified, including:

• Establishing Standardized datasets: To enable objective comparison, a uniform and
publicly available benchmark dataset should be established for evaluating algorithms
from different studies;

• Model Generalization and Transferability: Expand training datasets to include more
diverse geographic areas (different climates, building types, solar installation styles)
to make the segmentation + capacity estimation more robust;

• Capacity Estimation Model Refinement: Instead of (or in addition to) simple area-
based estimates, develop a more sophisticated model that accounts for panel efficiency,
tilt, orientation, degradation, and shading losses;

• Variation in Illumination Conditions: The accuracy of the image analysis algorithm
(especially those based on simple thresholding) is drastically reduced under challeng-
ing illumination conditions (low light, long shadows, or different sun angles), leading
to false positives or false negatives in snow detection;

• Multimodal Data Integration: Combining visual information (RGB cameras) with
thermal information (infrared cameras) to detect residual ice or wet snow (which have
different thermal signatures), thereby improving the quantification of energy losses.

4.3. Computer Vision in Solar Forecasting

One of the major problems associated with the power prediction of PV generators is the
cloud cover dynamics. In fact, the variability in intraday solar irradiance is largely caused
by changes in cloud cover. Thus, to better predict solar power fluctuations, computer vision
techniques that are based on cloud observations have been used. In addition to the random
component present in cloud modeling, the partially predictable nature of cloud motion
can be utilized to estimate the future spatial configuration of cloud cover based on past
observations. The capability to predict cloud movement provides a substantial advantage

https://zenodo.org/records/5171712
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over forecasting methods that are based solely on local weather data. These methods cannot
provide reliable predictions beyond the short-term correlation period of solar time series
data. Thus, the forecast of cloud movement is therefore critical for providing truly valuable
solar predictions at different spatiotemporal scales.

The primary data sources for short-term solar forecasting that rely on cloud observa-
tions are: sky cameras and satellites. The sky camera is usually equipped with a fish-eye
lens. This equipment allows capturing the local cloud cover layout over a few square
kilometers at a time resolution of less than a minute [91]. In terms of the forecast time
frame, methods that use sky cameras aim to provide predictions on local solar variability
up to 30 min in the future, depending on the local cloud speed. In contrast, satellite-based
imagery offers longer-term forecasts, up to several hours in advance, due to its wider field
of view. Sky cameras are most appropriate for use in locations with high solar power den-
sity, such as solar plants or hybrid power plants, unless they are used as part of a network
that covers a larger area (see Figure 7). On the other hand, satellite-based methods can offer
predictions of solar output across an entire country, which can be useful for applications
such as grid balancing or energy trading.

Figure 7. Example of sky images in the prediction of cloud position.

The typical approach used in computer vision methods that rely on sky images or
satellite images uses similar techniques, such as cloud segmentation, cloud localization,
estimation of cloud properties, cloud tracking, and modeling of cloud motion [92].

This section is dedicated to computer vision or image processing in solar PV forecasting
systems. Notice that in parallel to satellite-based and sky cameras methods, Numerical
Weather Prediction (NWP) data-based models are also used for intra-day and beyond
forecasts. Numerical Weather Prediction (NWP) methods use mathematical models of
the atmosphere and oceans to forecast weather conditions. These models solve complex
physical equations (like those for temperature, pressure, humidity, wind, and radiation)
using observed meteorological data as initial input. NWP models are typically run by
national meteorological agencies and produce grid-based forecasts over regions and time
intervals. They are also considered very important and are the main source of weather
forecasts from 6 to 48 h. Nevertheless, they are out of scope of the proposed review since
they only rely on weather data and not satellite or sky images. Despite the description
of many solar PV forecasting methods, the details about forecast accuracy and obtained
results were not introduced in most cases to reduce the complexity of the review analysis.

Image-based forecasting is an emerging area in machine learning that leverages visual
data—such as satellite imagery, medical scans, solar forecasting or sensor maps—to predict
future events or patterns. In computer vision for solar forecasting, regression models are
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typically used for short- and medium-term solar predictions. Studies in this area employ
several types of models, including:

• Classic machine learning models, such as SVM, k-NN, or ANNs;
• Time series-based models, such as ARMA;
• Deep learning models, such as CNNs (e.g., LSTMs).

These models are used to predict Global Horizontal Irradiance (GHI) or the
energy production of photovoltaic panels based on historical time-series data and
meteorological variables.

Traditional forecasting methods often struggle to capture the complex spatial relation-
ships inherent in image data. On the other hand, Artificial Neural Networks (ANN) and
other methods play a critical role in solar photovoltaic (PV) forecasting due to their ability
to model complex, nonlinear relationships between environmental inputs and energy out-
put. Solar energy generation is highly dependent on dynamic factors such as irradiance,
temperature, cloud cover, and weather patterns, which are often difficult to capture using
traditional models. Their flexibility allows them to integrate various data sources—like
satellite images, sky cameras, and meteorological forecasts—enabling short-term and long-
term prediction of solar energy yield. This improves the reliability of solar PV systems,
supports grid stability, and optimizes energy management strategies. The study presented
in [93] introduces a standalone, real-time solar forecasting platform designed to predict
1 min averaged solar irradiance ramps up to 10 min ahead. The system combines cloud
tracking using a low-cost fisheye network camera with an artificial neural network (ANN)
that forecasts solar ramps based on real-time sky imagery and exogenous inputs. A novel
short-term solar forecasting system was presented in [94] using inexpensive ground-based
sky imaging cameras. The solution can predict changes in irradiance by forecasting cloud
movement up to 20 min ahead, with a 10 s update frequency. The solution includes several
features, such as a new high-performance approach to cloud classification using a machine
learning model based on ANN to provide an estimate of the ‘cloudiness’ of individual cloud
pixels. In [95], several authors present two novel low-cost methodologies for predicting
global solar irradiance from 1 to 5 min ahead using sky images and real-time global hori-
zontal solar irradiance (GHI) measurements (see Figure 8). Unlike traditional approaches,
these methodologies bypass the need for cloud detection or segmentation. Instead, they
extract color information from 60 or fewer sampled points within each sky image to serve
as ANN inputs. Additionally, the models do not rely on historical meteorological data,
such as humidity or temperature, making them particularly well-suited for deployment in
locations lacking comprehensive weather monitoring systems.

 

Figure 8. Low-cost methodology for predicting global solar irradiance using sky image camera
and pyranometer.
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Another study described in [96] presents a smart, real-time reforecasting method
designed to improve intra-hour power predictions for a 48 MWe photovoltaic (PV) plant.
This method leverages artificial neural network (ANN) optimization to enhance the ac-
curacy of three baseline forecasting models: (1) A physical deterministic model based on
cloud tracking; (2) An autoregressive moving average (ARMA) model; and (3) A k-Nearest
Neighbor (kNN) model. Results show that the reforecasting method significantly improves
forecast skill for all three models at 5, 10, and 15 min horizons.

A smart forecasting model for 1 min averaged direct normal irradiance (DNI), combin-
ing sky image processing with Artificial Neural Network (ANN) optimization is presented
in [97]. The solution was developed over six months of high-resolution data, the models
predict DNI for 5- and 10 min horizons and are tailored to both low and high DNI variability
seasons. Techniques include deterministic and ANN-based forecasting, genetic algorithm
(GA) optimization, and two validation methods: Cross Validation Method (CVM) and
Randomized Training Method (RTM). The best-performing models for each season are
integrated into a hybrid model, which is evaluated using independent test data. ANNs
were trained with the Bayesian regularization process that uses the Levenberg–Marquardt
optimization to minimize the error between the ANN’s output and the targets by adjusting
the weights and biases.

A novel image-based method for forecasting short-term fluctuations in solar irradiance
using sky images was presented in [98]. To achieve this, the authors propose a convolutional
neural network (CNN) with residual blocks, designed to learn from a small sequence of
sky images. This deep learning model captures both site-specific features (e.g., sun position
variations by time of day and season) and general cloud dynamics (e.g., cloud movement,
formation, and dissipation). The solution described in [99] presents the SolarNet, a pure
CNN designed to forecast GHI one hour ahead, using only sky images, without relying on
numerical weather data or manual feature engineering. SolarNet consists of a set of parallel
CNN models, each producing fixed-step GHI forecasts. Each model includes 20 layers
of convolution, max-pooling, and fully connected operations, learning the relationship
between cloud patterns and irradiance in a fully end-to-end fashion. Another convolutional
neural network (CNN)-based model to forecast 15 min-ahead PV power output is described
in [100] using two input types: historical PV output data and ground-based sky images
from the preceding 15 min. A key challenge addressed is how to effectively fuse these
heterogeneous data sources within the CNN architecture to optimize forecasting accuracy. A
novel multistep forecasting (MSF) approach for photovoltaic (PV) power ramp-rate control
(PRRC) is presented in [101] which is based on Three-channel RGB 1500 × 1500-pixel
images from sky images (SI). The algorithm is based on deep CNN, making it simpler
and more practical for industrial deployment. The MSF method provides multiple short-
term forecasts at high temporal resolution, offering more actionable information than
conventional single-point forecasts. The study in [102] addresses some gaps in very short-
term solar forecasting—specifically, predictions 10 to 60 min ahead—by leveraging two
deep custom CNN models trained exclusively on sequences of sky images. In [103], the
authors address the limitations of traditional time-series-based solar forecasting models,
which struggle with capturing short-term, nonlinear spatiotemporal variations during
cloudy periods. To overcome this, they propose a multi-modal fusion network CNN-based
that integrates infrared sky images and past irradiance data for micro solar irradiance
forecasting. Sky images provide rich spatio-temporal insights into local weather conditions
at PV plants, while PV outputs from geographically distributed systems show strong
regional correlations. To harness both, the study proposed in [104] introduces the Bi-
level Spatio-Temporal (BILST) model using CNN-style spatio-temporal learning for PV
nowcasting (see Figure 9). In this paper, the sky-image module extracts spatio-temporal
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features from a sequence of sky images captured by the all-sky imager installed at the target
PV site. To achieve effective learning performance, the image sequence is pre-processed
and applied deep neural networks to capture its latent features. The PV-data module is
used for learning the global spatio-temporal correlations among PV-measurement datasets
collected from several different PV sites (including the target PV site) spread over a certain
geographical area.

 

Figure 9. Bi-level spatio-temporal (BILST) nowcasting model.

A different study introduced in [105] shows an intra-day forecasting model for GHI
that operates without requiring real-time measurements or on-site training data. Instead,
the model estimates solar irradiance based on CNN with dense layers using only satellite
imagery for GHI without ground sensors. An end-to-end short-term forecasting model was
introduced in [106] which directly processes satellite imagery to predict solar irradiance.
The model captures cloud motion dynamics by learning from stacked optical flow maps,
which effectively represent temporal changes in cloud positions. The solution is also
CNN-based and employs dynamic Regions of Interest (ROIs) to manage the large volume
of satellite data. Another study presented in [107] introduces “SUNSET,” a specialized
CNN designed to predict PV power output 15 min ahead using minute-averaged data.
The model combines hybrid inputs—historical PV output and sky images—with strong
regularization to improve accuracy. In the study [108], a CNN algorithm is also employed
to perform “now-casting”—predicting current PV power output directly from sky images.
The study also examines how CNN architecture—such as depth, width, and input image
resolution—affects performance. The results demonstrate the potential of CNN-based sky
image models for accurate short-term solar power forecasting. In study [109], a novel end-
to-end deep learning approach is proposed to accurately estimate GHI, particularly under
cloudy sky conditions where GHI exhibits strong nonstationary behavior. Unlike traditional
methods that separate image feature extraction and regression into two disconnected steps,
this work formulates GHI estimation as a single image regression task using a CNN. The
proposed model integrates multilayer CNN architectures inspired by AlexNet and VGG,
leveraging their nonlinear regression capabilities. A two-stage classification-prediction
framework for contemporaneous (nowcast) PV power output prediction is described
in [110] where the authors propose the use of sky images and compare its performance with
an end-to-end CNN approach. In this work two classifiers are explored: (1) A CNN-based
classifier trained using clear sky index (CSI) labels and (2) a non-parametric, physics-based
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classifier using a cloudiness threshold derived from sky images. The article [111] presents
a forecasting model designed to predict the clear-sky index with a 20 min horizon at 1 min
resolution. The model incorporates a classifier to determine sky conditions and an optical
flow-based AI model (CNN-based model), specifically trained for each sky condition
class. This tailored approach performs comparably to non-classified models but requires
significantly less training data and achieves a forecast skill improvement of 5–20% over the
smart persistence model across most sky conditions.

A very short-term solar radiation forecasting with lead times of 5 to 15 min was
addressed in [112]. It introduces a Convolutional Neural Network (CNN) that processes
sequences of infrared images from an all-sky imager to predict GHI across multiple time
horizons. Using six months of high-resolution data from a real-world case study, the authors
also propose an innovative variant: the Enhanced Convolutional Neural Network (ECNN).
This model integrates exogenous inputs, such as measured solar radiation, by encoding
them as colored pixel markers in a corner of the input images. The study introduced in [113]
presents an advanced method for improving ultra-short-term solar irradiance forecasting
using ground-based sky images. While many computer vision techniques have been
applied to this field, effectively capturing spatiotemporal features from sequences of sky
images remains a major challenge. To address this, the authors introduce a sparse spatio-
temporal descriptor extraction designed to capture dynamic changes from continuous
grayscale sky images (see Figure 10). This is enhanced using spatial pyramid pooling to
refine feature quality. At the same time, a DenseNet and SPP-Net are applied to extract
static and dynamic features from the most recent RGB sky image. Both dynamic and static
features are then fused to enable multi-step forecasting of GHI.

 

Figure 10. Overall framework of the proposed solar forecast method.

In [114], a hybrid deep learning-based mapping model for real-time PV power fore-
casting was proposed, which establishes a precise relationship between sky images and
surface irradiance. The method involves: (1) preprocessing and feature extraction from sky
images using a convolutional autoencoder, followed by K-means clustering to group similar
sky conditions; (2) development of a hybrid deep learning CNN-based model to estimate
surface irradiance based on clustered image features and (3) performance comparison with
other deep learning models, including traditional CNN, LSTM, and ANN. In [115], the
authors examine the relationship between sky images and the power output of three types
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of photovoltaic (PV) systems: fixed-tilt, single-axis tracking, and dual-axis tracking arrays.
Building on this correlation analysis, they develop an image-based PV output nowcasting
approach. Rather than feeding raw sky images directly into a convolutional neural network
(CNN), the study introduces a pre-processing step to extract statistical features from the
images. These extracted features are then used as input to a recurrent neural network
(RNN) for short-term PV output prediction. Experimental results demonstrate that the
proposed lightweight deep learning model delivers promising forecasting accuracy, making
it an efficient and effective solution for nowcasting PV power output under various sky con-
ditions. Another solution described in [116] presents a hybrid forecasting model combining
a Convolutional Neural Network (CNN) and a Multilayer Perceptron (MLP) to predict
GHI 15 min ahead. The model leverages data from a hemispherical sky imager, along
with GHI time series and weather variables collected from a ground-based meteorological
station in Morocco. Performance evaluations conducted across clear, mixed, and overcast
conditions demonstrate that the CNN–MLP model significantly outperforms the traditional
persistence model. The study developed in [117] introduces a hybrid model for intra-hour
DNI forecasting with prediction horizons of 5, 10, and 15 min. The DNI forecast model can
be divided into three main parts. The first part, responsible for image feature extraction, is a
convolutional neural network (CNN). The second part is a MLP with the cloud fraction (CF)
in the ROI and the clear-sky DNI forecast as inputs. The outputs of the CNN and the MLP
networks are then fed to a Regression MLP, used to merge extracted features and forecast
DNI at horizon H. The work presented in [118] proposes a hybrid deep learning framework
that integrates ground data with satellite-derived cloud information. Using convolutional
neural networks, the model captures cloud motion patterns from satellite images, while a
long short-term memory (LSTM) network models the long-range spatio-temporal impact
of clouds on PV output.

A 3D-CNN method is proposed for DNI forecasting using sequences of ground-
based camera (GBC) images [119]. The solution recognizes that cloud motion significantly
impacts DNI, the model leverages multiple consecutive images to capture both spatial
textures and temporal dynamics. Unlike traditional CNNs, the 3D-CNN architecture
processes data across both dimensions, making it particularly effective for extracting
meaningful features from time-series image sequences. A novel approach using a three-
dimensional (3D) convolutional neural network (CNN) to extract richer features from sky
image sequences [120]. This 3D-CNN is trained efficiently on a large dataset, and various
machine learning models are tested for GHI forecasting using these features.

A deep learning–based image processing method for short-term solar radiation fore-
casting was presented in [121]. The approach focuses on predicting 1 min average solar
radiation values with a 5 min forecast horizon, using a combination of cloud motion track-
ing and extraterrestrial solar radiation data. Cloud classification is achieved through a
method that combines K-means clustering with a red/blue color ratio to distinguish cloud
pixels from sky. Finally, the forecast of short-term solar radiation is performed using a
Long Short-Term Memory (LSTM) neural network. Another study in [122] discusses a
novel system is proposed for accurate solar irradiance and PV power estimation using
all-sky images. The method extracts regional and global features from these images, which
are then used to generate input weights for a Long Short-Term Memory (LSTM) model to
estimate solar irradiance. Subsequently, a solar power curve is constructed by combining
the estimated irradiance with actual power output data to forecast PV power. The system’s
performance is assessed using standard evaluation metrics. The work proposed in [123]
explores the use of a long short-term memory (LSTM) deep learning model applied in
forecasting cloud cover from sky images. Cloud cover data were extracted through image
processing of sky images and used to train the model to predict cloud cover 10 min in
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advance. The predicted cloud cover values were then input into solar radiation models to
estimate GH). Forecast accuracy was evaluated under three sky conditions: clear, partly
cloudy, and overcast. This LSTM-based model significantly outperformed the persistence
model, particularly under high irradiance variability such as on partly cloudy days. A
novel multi-source forecasting framework for intra-hour photovoltaic (PV) power predic-
tion solution was introduced in [124]. In this work, a flexible, data-driven architecture is
developed that integrates local measurement data (LMD), numerical weather predictions
(NWP), and satellite images. A specialized U-Net-based module is designed for extracting
spatial features from satellite images, particularly shortwave radiation (SWR) fluxes. The
structured data module employs an encoder–decoder structure enhanced with attention
mechanisms (AM) and LSTM networks, allowing the model to robustly capture temporal
dependencies across multiple variables.

A different study presented in [125] introduces an innovative method for improving
photovoltaic (PV) power forecasting using satellite imagery, addressing the limitations of
low update frequency of satellite images (typically hourly), and rapidly changing cloud
patterns, which affect solar radiation and PV output. To overcome these challenges, the
authors propose a multi-step forecasting approach that enhances the temporal relevance
and spatial targeting of satellite-derived cloud data. In this a Convolutional long short-
term memory (CLSTM) is applied on the hourly satellite image forecast, which takes the
nonlinear cloud motion into account, providing more accurate cloud movement trajectories.
Meanwhile, the thickness and shape changes in the cloud are also considered in the model.
A ultra-short-term photovoltaic (PV) power forecasting method using multi-exposure high-
resolution total sky images (TSIs) and deep learning was described in [126]. To maximize
the utility of high-resolution imagery, an overlapping sliding window strategy is employed
to extract both global and local image features. This forecasting method consists of four
modules: a high-resolution image detection module, the multi-head self-attention layer,
LSTM layer, and full-connection layer (see Figure 11). The core of the forecasting model is
a convolutional long short-term memory (CLSTM) network enhanced with a multi-head
self-attention mechanism, enabling the effective extraction of both spatial and temporal
features critical for PV prediction.

 

Figure 11. Proposed ultra-short-term photovoltaic power forecasting method.

Another solution uses a novel infrared sky imager mounted on a solar tracker that
keeps the Sun centered in images while minimizing scattering from direct sunlight [127].
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This setup enables extraction of detailed physical cloud features. By analyzing sequences of
these infrared images, the method calculates the probability of the Sun being obscured by
clouds (air parcels or voxels). Combining data from multiple sensors—including pyranome-
ters, sky imagers, solar trackers, and weather stations—the study employs a multi-task
deep learning model based on recurrent neural networks.

The study in [128] proposes a machine learning framework that combines both data
sources—sky images and satellite observations—to enhance intra-hour irradiance fore-
casting (up to 60 min ahead). The model is evaluated under various weather conditions
(clear-sky, cloudy, overcast) and input combinations (sky images, satellite data, and past ir-
radiance values). The backbone of this architecture is ECLIPSE (Envisioning Cloud-Induced
Perturbations in Solar Energy) [129]. The original model is composed of a spatial encoder (1)
and a temporal encoder (2) to learn a spatio-temporal representation of past frames with 2D
and 3D convolutions. Finally, future states are then iteratively predicted through a Gated
Recurrent Unit (GRU) module (3). This integrated approach demonstrates the potential of
unifying ground-based and satellite observations within a single ML framework, paving
the way for more accurate and robust solar nowcasting systems.

Other work addresses the limited research on integrating image data with quantitative
irradiance measures using deep learning by enhancing the current framework with gated
architectures and introducing a transformer-based model [130]. Compared to traditional
CNNs using late feature fusion, the transformer model with early fusion improved ramp
event prediction accuracy by 9.43% (2 min) and 3.91% (6 min). The results also show that a
single sky image’s predictive value diminishes beyond a 10 min forecast horizon. The pro-
posed work advances the interpretability and adaptability of deep learning models using
sky images. A novel multimodal learning framework is introduced for ultra-short-term
forecasting of GHI was described in [131]. This approach combines two data modalities:
(1) Historical and clear-sky GHI estimates, encoded using an Informer model and (2) Sky
images, converted into optical flow maps and processed by a Vision Transformer. To effec-
tively fuse these inputs, a cross-modality attention mechanism is developed in this work to
capture the interactions between numerical and visual data. Another study demonstrates
that a vision transformer (ViT)-based machine learning model can accurately estimate solar
irradiance from sky images without the need for auxiliary input data [132]. The model is
trained on a comprehensive dataset spanning 17 years, including measurements of global
horizontal, diffuse, and direct irradiance captured using high-precision pyranometers and
pyrheliometers, along with sky images from both fisheye (all-sky) and standard lens cam-
eras. The work described in the paper [133] proposes a novel hybrid ultra-short-term PV
generation forecasting framework based on cloud images. It combines a Vision Transformer
(ViT) with a Gated Recurrent Unit (GRU) encoder to effectively analyze high-dimensional
features, creating a hybrid solution. A Multi-Layer Perceptron (MLP) then produces one-
step-ahead forecasts. Tested on real-world solar PV data, the framework outperforms
several baseline methods, delivering more accurate ultra-short-term PV predictions.

According to the study presented in [134], authors claim that the accurate minute-
level forecasting of individual PV power station output depends heavily on precise cloud
distribution prediction, as cloud cover significantly affects solar generation. To address
these issues, the study proposes advanced convolutional autoencoder (CAE)-based sky
image prediction models, leveraging both 2D and 3D CAE architectures for more effective
spatiotemporal feature extraction. A different work developed in [106] presents a novel
end-to-end deep learning model for short-term solar irradiance forecasting using satellite
images based on an autoencoder (AE) framework designed especially to serve multi-
frame image learning tasks. The accuracy of solar forecast is improved as well due to the
model’s ability of extracting dynamic motion features. Regions of interest (ROIs) are also
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introduced to solve the problem of determining satellite image sizes. Static ROIs scoped by
the distribution of historical cloud velocities decide input shapes of learning models, and
dynamic ROIs reduce the image feature redundancy by shifting receptive attention over
time. A novel hybrid convolutional autoencoder-based method was introduced in [135] to
extract cloud distribution features (CDFs) from sky images for solar irradiance forecasting.
To enhance prediction accuracy, the authors develop an LSTM-FUSION model, which fuses
features across time steps using a Long Short-Term Memory (LSTM) network. This fusion
leverages the one-to-one correspondence between CDFs and GHI. Additionally, a new
technique is proposed to determine the optimal input time step length based on attention
distribution analysis, ensuring that the model effectively focuses on the most relevant
temporal information.

Other authors in [136] demonstrate the development and evaluation of two short-
term (3 h horizon) forecasting models for predicting photovoltaic (PV) energy production.
The forecasting approach combines sky camera imagery with Artificial Intelligence (AI)
techniques. Two different AI models were implemented and compared: one based on Multi-
layer Perceptron (MLP) and the other on a Support Vector Machine (SVM). Both models use
predicted global irradiance derived from sky images as a key input. Additionally, the per-
formance ratio—a measure of the plant’s operational condition—is incorporated to improve
prediction accuracy. Another study exhibited in [137] introduces a sky-imaging system
featuring a low-cost fisheye camera mounted on an automatic solar tracker. This system
tracks the Sun’s trajectory and captures sky images centered on the Sun’s apparent position.
To address this, a smart masking algorithm was developed to automatically analyze color
gradients and segment the sky area from less-informative regions. After identifying the sky
area, image features are extracted and used as exogenous inputs to a stochastic learning
model, specifically, a MultiLayer Perceptron (MLP) to forecast intra-hour DNI.

A different study described in [138] presents an ultra-short-term photovoltaic power
forecasting model based on cloud dynamics affecting sunlight. It includes three steps:
(1) tracking sun-obscuring clouds using motion vectors, (2) extracting cloud features via
image processing, and (3) predicting power with a radial basis function (RBF) neural
network. Compared to an autoregressive (AR) model, the RBF approach improves accuracy,
reducing error from 13.6% to 7.4%. The study introduced in [139] presents an innovative
artificial intelligence-based method for real-time GHI nowcasting using sky images, with
a particular focus on enhancing accuracy under cloudy conditions. The proposed model
incorporates a Convolutional Block Attention Module (CBAM) into VGG-based neural
network architecture, enabling more refined feature extraction from sky images. To further
boost performance, the model integrates local cloud cover (LCC) as a numerical input
alongside visual cloud features, enhancing the model’s ability to capture complex cloud
dynamics affecting solar irradiance. Another paper presents a short-term solar irradiance
forecasting method based on transfer learning, using Total Sky Imager (TSI) data from
the Atmospheric Radiation Measurement (ARM) Southern Great Plains (SGP) site [140].
Accurate irradiance estimation from sky images is essential for improving short-term solar
power forecasting and optimizing energy consumption strategies. This approach utilizes
deep neural network architectures —specifically AlexNet and ResNet-101—to extract rich
convolutional features from TSI (see Figure 12). The pre-processing block removes the
rotating arm that appears in the sky images and is used to track the sun’s location. The
extracted features from the deep neural network architectures are then processed using
an ensemble learning framework to forecast solar radiation. It uses multiple decision
tree-based models to separately forecast 5 min, 10 min, and 15 min ahead.
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Figure 12. Block diagram of the short-term solar radiation forecast approach.

Other study introduces an innovative approach to 15 min ahead solar irradiance
forecasting combining machine learning methods, satellite imagery, and meteorological
data [141]. The Machine Learning techniques adopted are the Single-Hidden Layer Feed
Forward Neural Network plus Softmax function (SHLNN), the Double-Hidden Layer Feed
Forward Neural Network plus Softmax function (DHLNN) with categorical and continuous
data delivered in two different input layers, and the Random Forest (RF) technique. The
focus of this paper is on improving forecast accuracy while minimizing computational
effort. Another work presented introduces a photovoltaic (PV) energy forecasting model
capable of generating high-resolution energy yield forecasts at 1 s intervals for up to 15 min
ahead [142]. In this paper a NARX (non-linear auto-regressive with exogenous input)
neural network was selected to model energy yield, due to its ability to account for system
history and future sky conditions using RGB forecasts. The chosen architecture includes two
hidden layers and uses 70% of data for training and 30% for testing/validation. The paper
introduced in [143] introduces a novel generative approach for regional solar forecasting
across flexible spatial scales. The method involves the creation of solar irradiance maps
(SIMs) for the first time using spatial Kriging interpolation applied to satellite-derived
irradiance data. These sequential SIMs capture the spatiotemporal dynamics of solar
irradiance and are used as inputs to a multi-scale Generative Adversarial Network (GAN)
(Generative Model Based on ANN), which predicts the next-step irradiance maps. These
predicted SIMs are then converted into PV power output using an irradiance-to-power
conversion model.

Reference [144] explores how combining various solar irradiance forecasting models
can improve prediction accuracy. The study integrates four all-sky imager (ASI)-based
models, two satellite-based models, and one data-driven model, using two blending strate-
gies: general and horizon-specific. Linear and random forest (RF) models are employed to
generate one-minute resolution forecasts of GHI and DNI up to 90 min ahead. Findings
show that the general blending strategy with the RF model delivers the most accurate
forecasts. In paper [145], a novel machine learning approach is introduced for short-term
solar irradiance forecasting using sky images. The solution is based on two machine learn-
ing algorithms, namely the Random Forest (RF) and the k-Nearest Neighbors (kNN). The
algorithms extract key visual features from the images and apply learning-based models
to estimate GHI. These results achieved are competitive compared to the state-of-the-art
algorithms, while utilizing computationally efficient techniques for the nowcasting and
forecasting of surface irradiance.
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Another paper presented in [146] focuses on developing a smart forecasting model
to generate intra-hour Prediction Intervals (PIs) for one-minute averaged DNI, which
is known for its high variability due to cloud cover. The proposed model combines
Support Vector Machines (SVM) and Artificial Neural Networks (ANN). Inputs to the
model include lagged time series data of local-sensing variables—specifically DNI and
diffuse irradiance. Reference [147] addresses the challenge of solar energy instability caused
by cloud-induced Sun occlusion. It introduces a novel method for visualizing wind velocity
fields from sequences of longwave infrared cloud images. Using unsupervised learning,
the method identifies the distribution of cloud velocity vectors and heights within these
complex wind patterns. To extend and predict cloud movement across the entire image
frame, the approach employs a multi-output weighted SVM with flow constraints. A solar
power forecasting model that uses various satellite images—including atmospheric motion
vectors (AMVs), cloud, and irradiance images—combined with a Support Vector Machine
(SVM) learning approach was presented in [148]. The satellite images provide a broad,
macroscopic view of cloud amount and movement, which enhances forecasting accuracy.
The SVM model is designed to minimize prediction errors while maximizing its ability
to generalize. Also, the study introduces a method to extract AMVs from satellite data to
forecast cloud motion effectively. Another work described in [149] proposes a minute-level
solar irradiance forecasting method based on a real-time surface irradiance mapping model
derived from all-sky images. The approach aims to enhance the accuracy of short-term
solar power forecasts. The method involves essentially two methods, the backpropagation
neural network (BPNN) and SVM.

A novel all-sky imager (ASI) nowcasting system and benchmarks its performance
against three alternatives: a conventional ASI method, a satellite-based nowcasting system,
and a persistence model were described in [150]. These nowcasts are also integrated into a
hybrid model, which achieves enhanced accuracy. ASI systems use fisheye sky images to
monitor cloud conditions and forecast solar irradiance. The proposed method leverages
a machine-learning (ML) based approach called Linear-Times-dependent regression that
directly analyzes pixel values and other image features. To train and validate the ASI and
hybrid models, irradiance data are collected from a network of eight measurement stations
within a 10 km radius of the imaging camera. Another work described in [151], combines
the radiance measurements with clear-sky irradiance estimates to perform nowcasting of PV
energy production across peninsular Spain. Four machine learning models are employed:
Two linear models (Lasso regression and linear Support Vector Regression (SVR)) and
two nonlinear models (Multilayer Perceptrons (MLPs) and Gaussian SVR). A clear-sky
persistence model is used as a baseline for comparison, evaluated over forecast horizons of
up to 6 h. Reference [152] presents a novel system for short-term solar irradiance forecasting
that employs multiple total sky imagers (TSIs). The system introduces an advanced method
for 3D cloud detection and tracking, which is combined with a forecasting pipeline that
utilizes cloud image features to forecast the surface radiation. To ensure the uniformity of
the TSI and consistency of cloud movements, the cloud projection area and its counterparts
in other TSI were constrained to have the same dimensions, without scaling or shearing
(see Figure 13). The method proposes four irradiance models, each using some or all of
these features to establish either linear or non-linear relationships: (1) linear RBR (Red-Blue
Ratio) delta, (2) ordinary linear regression, (3) Support Vector Regression (SVR) with a
linear kernel, and (4) SVR with a non-linear kernel.
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Figure 13. Overview of two-TSI tracking with the corresponding cloud projection area.

The study expressed in [153] presents SkyGPT, a novel physics-constrained stochastic
video prediction model that leverages recent advances in generative AI to forecast realistic
future sky images based on historical sky imagery. SkyGPT effectively models cloud
dynamics, generating high-quality, diverse future sky sequences. When integrated with
a U-Net-based PV power forecasting model, SkyGPT enables 15 min-ahead probabilistic
PV output forecasting using real-world data from a 30 kW rooftop system. Reference [154]
proposes a new short-term solar radiation forecasting method called Cloud Index Advection
and Diffusion Cast (CIADCast). This method combines Meteosat Second Generation (MSG)
satellite cloud index images with the Weather Research and Forecasting (WRF) model
to predict cloud movement and diffusion. The forecasted cloud index is then converted
into GHI and DNI forecasts using the Heliosat-2 technique. Cloud index image data is
integrated into WRF layers corresponding to cloud heights measured by a ceilometer,
enabling forecasts up to 6 h ahead with 15 min intervals. The authors of the study [155]
introduce the development of a data processing method to extract cloud dynamic features
from raw sky images and GSI measurements, aimed at improving solar forecasting while
minimizing hardware maintenance. This investigation introduces a hybrid approach based
on the clear sky physical model of the scattered atmospheric radiation and the Sun’s
direct radiation to process IR sky images and a hybrid ML model called linear Support
Vector for Classification (SVC) is proposed that predicts the optimal parameters. A hybrid
forecasting method for predicting one-minute averaged solar irradiance up to 10 min ahead
was presented in [156]. This approach integrates real-time all-sky images and irradiance
measurements, which are jointly processed to estimate cloud motion and forecast the future
obstruction of the sun disk by clouds. The process begins with offline camera calibration.
Then the cloud detection uses the Fixed Threshold and Clear Sky Library (CSL) methods on
the red-to-blue ratio. The Cloud displacement estimation involves reversing the camera’s
projection and applying cross-correlation method (CCM) to image pairs. A Flowchart of
the main processing steps involved in this approach is presented in Figure 14 where the
two-input data are all-sky images and real-time GHI time series, which are used to forecast
GHI one to ten minutes in advance.
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Figure 14. Flow chart of the main processing steps involved in the solar forecasting solution based on
all-sky images and real-time GHI time series.

The approach introduced in [157] uses a network of seven affordable hemispheric sky-
imaging cameras with CMOS sensors to capture sky images whose pixel color intensities
show a strong correlation with solar irradiance. To establish this relationship, an Image-
to-Irradiance (I2I) algorithm was developed, enabling the extraction of all solar irradiance
components—GHI, DNI, and DHI—from the images. Spatial interpolation via the Kriging
method is then applied to estimate the irradiance distribution across the entire basin. The
method was assessed through cross-validation and benchmarked against satellite-derived
GHI data with a 15 min temporal resolution. Reference [158] presents a cost-effective,
real-time multi-task solar forecasting method aimed at optimizing energy dispatch and
increasing photovoltaic (PV) integration into power grids. It predicts GHI by estimating
cloud motion from sequences of sky images captured with a low-cost infrared imager on a
solar tracker. Using kernel learning techniques, the model relates cloud features to the clear
sky index to produce forecasts at 1 min intervals up to 8 min ahead, achieving a forecasting
skill of 16.48%, an improvement over previous method. Another reference introduces a
novel approach to intra-hour forecasting of DNI with lead times of up to 30 min [159].
The method leverages the decomposition of DNI into two components: clear-sky DNI
and the clear-sky index. The Clear-sky DNI is predicted using an empirical model based
on historical DNI measurements and assumes persistence in atmospheric turbidity. The
clear-sky index is predicted using High Dynamic Range (HDR) sky images generated
within the CSPIMP (Concentrating Solar Power plant efficiency IMProvement) project.
The forecasting approach employs an Adaptive Network-based Fuzzy Inference System
(ANFIS), which is improved through a hybrid algorithm drawing on classification and
thresholding methods described in prior studies [160,161].

A deep learning approach to model the relationship between sky appearance and
short-term photovoltaic (PV) power output was described in [162] where several neural
network architectures are trained using historical PV power data and corresponding sky
images to predict PV output in the immediate future. Three model types are compared: a
multi-layer perceptron (MLP), a convolutional neural network (CNN), and a long short-
term memory (LSTM) network. The paper presented in [163] evaluates and compares
four widely used deep learning (DL) architectures for forecasting solar irradiance using
sequences of hemispherical sky images combined with additional external data. The
four common deep learning architectures are the CNN, CNN + LSTM, 3D-CNN and a
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convolutional long short-term memory network (CLSTM). To a certain extent, these are
representative of the current state of the field as they share similar designs: convolutional
layers, recurrent layers and densely connected layers trained end-to-end to predict a
future irradiance value. Similarly, in [164], the authors introduce and compare a series of
innovative deep learning architectures for very short-term solar PV generation forecasting,
targeting lookahead times ranging from 4 to 20 min. The comparison is made in these
models: CLSTM, CLSTM-H, CNN-LSTM, CNN-LSTM-H, PREDNET (Predictive Coding
Network), PREDNET-H, PM (persistence model), SPM (the smart persistence model),
SLNN (simple machine learning model), SLNN-weather, Static Image Only and Static
Image Hybrid. These models leverage both static whole-sky images and dynamic sky image
sequences to enhance forecasting accuracy. The study systematically explores multiple deep
learning configurations, integrating image-based features from both individual frames and
image streams.

In another reference the authors quantitatively evaluate the impact of cloud transmit-
tance and cloud velocity on the accuracy of short-term DNI forecasts [165]. The methodol-
ogy begins with DNI forecasting using manually detected cloud velocity, incorporating both
invariant and real-time sky and cloud transmittance inputs. Cloud velocity is manually de-
termined by visually comparing two consecutive sky images, measuring the displacement
of clouds using an e-ruler to compute their speed and direction. Additionally, the proposed
study compares four automated cloud velocity estimation methods (Scale-Invariant Feature
Transform (SIFT) [166], Optical Flow (OF) [167], Cross-Correlation [168], and Particle Image
Velocimetry (PIV) [169]) against the manual detections to evaluate their accuracy. The
authors of the study described in [170] present a method for intra-hour, sub-kilometer
cloud and irradiance nowcasting using a ground-based sky imager at the University of
California, San Diego. Sky images captured every 30 s were processed to estimate sky
cover using a clear sky library and sunshine parameter. A two-dimensional cloud map
was generated to forecast surface cloud shadows. Validation across four partly cloudy
days showed a 70% accuracy in predicting binary cloud conditions at six pyranometer
stations within a 2 km2 area. Cloud motion vectors were derived through image cross-
correlation, and cloud positions up to 5 min ahead were forecasted via advection. The
study presented in [171] focuses on accurately nowcasting DNI up to 15 min in advance
to improve the efficiency of concentrating solar power (CSP) plants. The approach uses
data from four spatially distributed ground-based all-sky imagers (ASIs) and introduces
a novel object-oriented method for cloud tracking. A key innovation of this solution is
the use of a 3D voxel carving technique to model each detected cloud as a distinct object,
characterized by attributes such as height, position, surface area, volume, transmittance,
and motion vector. A different solution is described in [172] where a statistical method
is presented for deriving cloud motion vector fields using a Bayesian-based algorithm.
This approach offers high accuracy with low computational cost, making it well-suited
for short-term forecasting of cloud movement and solar irradiance. By applying the esti-
mated motion vectors to satellite images, the method predicts future cloud positions and
corresponding irradiance levels for upcoming time steps. The article [173] introduces a
novel method for estimating cloud transmittance, based on historical and recent cloud
height and transmittance measurements. The required cloud height is measured with a
stereoscopic method. For these unshaded clouds, the method estimates transmittance using:
(1) Cloud height measurements; (2) A probabilistic model based on historical cloud height–
transmittance relationships and (3) Recent transmittance data paired with corresponding
cloud heights. Cloud height is determined using a stereoscopic technique with two all-sky
imagers (ASIs). The study also examines the influence of site-specific conditions and dis-
cusses integrating automatic cloud classification to enhance the estimation process. In [174],
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a new method—PCPOW—is proposed to improve the accuracy of cloud motion speed
estimation for minute-level PV power forecasting. Since cloud movement directly impacts
solar irradiance, accurately tracking it is essential. Traditional single-method approaches
struggle with complex cloud dynamics. PCPOW combines cloud pattern classification
and particle swarm optimization (PSO). First, k-means clustering and texture features
from a gray-level co-occurrence matrix classify cloud types. Then, customized models are
applied to each class to calculate cloud motion speed more accurately. Tested with real
data from the Yunnan Electric Power Research Institute, the method significantly enhances
displacement accuracy, improving short-term PV power predictions. Reference [175] in-
troduces a shadow camera system capable of generating spatially resolved maps for DNI,
GHI and Global Tilted Irradiance (GTI). These irradiance maps serve two key purposes:
(1) providing spatial averages to benchmark all-sky imager-based nowcasting systems,
and (2) offering potential for real-time plant operation support and use as a standalone
nowcasting system. The system comprises six cameras capturing images that are processed
into an ortho-normalized image (orthoimage). This work validates GHI and DNI forecasts
from a four-camera system called WobaS-4cam, deployed at two solar research centers and
a commercial 50-MW PV plant. The working principle of the WobaS all-sky imager-based
nowcasting system can be seen in Figure 15. The WobaS all-sky imager–based nowcasting
system operates by using all-sky imagers (ASIs) to detect, 3D-locate, and track clouds. By
projecting the resulting cloud shadows onto the ground, the system can estimate future
irradiance with high spatial and temporal resolution.

Figure 15. Working principle of the WobaS all-sky imager-based nowcasting solution with a flow
chart of the main stategy.

In [176], researchers introduce a novel parameter called the Sun-Blocking Index (SBI)
to better model the partial obstruction of the Sun by clouds, thereby improving solar
irradiance estimation under variable weather conditions. An image processing algorithm
is developed to compute the SBI from sky images. By establishing a correlation between
SBI and the clearness index, the model incorporates SBI-adjusted clearness values into
solar radiation calculations. Once the correlation between the clearness index and SBI is
established, the SBI-dependent clearness index is applied to solar radiation models. Table 9
provides a summary of the methods, techniques, and respective references that will be
discussed in the subsequent sections on computer vision and image processing applied to
solar PV forecasting.
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Table 9. Methods and Techniques adopted in Computer vision for solar forecasting.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Chu et al., 2015 [93]
Aerial images (fish-eye cameras
with a 3.1 MP CMOS sensor and

a 360 panoramic view lens)

This work integrates cloud tracking from a low-cost
fisheye network camera with an artificial neural
network (ANN) that predicts solar ramp events

using real-time sky images along with additional
external inputs.

>65% ANN + Exogenous inputs

West et al., 2014 [94]

Ground-based sky imaging
cameras (or ‘skycams’), HDR

images with output compressed
JPEG files (Model 440 Total Sky

Imager (TSI-440), Yankee
Environmental Systems (YES)
Inc., Turner Falls, MA, USA)

The approach introduces a new method centered on
a binary shading model instead of irradiance

prediction, using features derived from sky-camera
pixel data to construct a model capable of

forecasting major shading events.

Up to 97% ANN + Binary shading model

Kamadinata et al.,
2019 [95]

Sky photo images,
general-purpose waterproof

camera, with RGB, and red-blue
ratio (RBR) extraction

The study introduces two new low-cost methods for
forecasting global solar irradiance 1 to 5 min in

advance, using sky images together with real-time
GHI data. Both approaches rely on color information
extracted from 60 or fewer sampled image points.

ANN + Reduced sampled points
from cloud color images

Chu et al., 2015 [96]

Two sky imaging units. Images
are captured every 30 s at an

effective resolution of
420 × 420 pixels.

A smart, real-time reforecasting approach is applied
to intra-hour power prediction for a 48 MWe PV

plant. The method integrates a sky imager to derive
cloud height and utilizes power output

measurements from 96 inverters.

Physical deterministic model
based on cloud tracking +

Auto-regressive moving average
(ARMA) model + ANN + k-th

Nearest Neighbor (kNN) model

Chu et al., 2013 [97]
Total sky images are processed
to generate cloud cover indices

(CIs) using CCD cameras

A hybrid Artificial Neural Network (ANN) model is
introduced for intelligent forecasting of 1 min

averaged DNI, combining sky-image processing
techniques with ANN optimization.

>80%
ANN-based forecasting +

Genetic Algorithm
(GA) optimization

Pothineni et al., 2019 [98]

Sky images (HDR fusion of
different exposures) + a binary

cloud map by a cloud
segmentation (RBR-based)

A new image-based technique is presented for
predicting short-term variations in solar irradiance

using sky images. The authors propose a
convolutional neural network (CNN) with residual

blocks capable of learning from short sequences
of images.

92.9% CNN + residual blocks
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Table 9. Cont.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Feng and Zhang,
2020 [99]

sky images without numerical
measurements (TSI-800 images

are used in this study with
352 × 288 pixel resolution)

This work introduces SolarNet, a purely CNN-based
architecture designed to forecast GHI one hour

ahead solely from sky images, without numerical
weather inputs or manual feature extraction.

>75% SolarNet (Set of parallel
CNN models)

Venugopal et al.,
2019 [100]

Aerial historical RGB
64 × 64 pixel resolution images

The authors develop CNN-based models to predict
PV power output 15 min in advance,

using two types of inputs: historical PV generation
data and ground-based sky imagery.

Historical PV output data +
ground-based sky images +

CNN-based model

Wen et al., 2021 [101]
Three-channel RGB 1500 × 1500

pixel images from sky
images (SI)

An MSF method is presented to predict GHI values
with multiple forecast results. The approach relies
on stacked sky images to capture cloud-movement

information across a relatively long duration.

98.9%
Multistep forecasting (MSF)

CNN-based approach + Power
Ramp-Rate Control (PRRC).

Feng et al., 2022 [102] Two sky images with a 10 min
128 × 128 pixel resolution

The authors design two deep CNN architectures
aimed at learning the underlying relationships

between GHI and sequences of sky images.

Two deep custom
CNN-based models

Ajith and
Martínez-Ramón,

2021 [103]

Infra-red sky images to capture
the cloud motion and

distribution

This work introduces a deep learning multi-modal
CNN–LSTM fusion network designed for

micro-scale solar radiation forecasting.
99.2%

Multi-modal fusion network
CNN-based that integrates

infrared sky images and past
irradiance data

Zhang et al., 2021 [104]

Sky images captured by the
all-sky imager installed at the

target PV site (RGB mode with
resolution of

2048 × 1536 pixels).

A novel bi-level spatio-temporal modeling approach
for PV output nowcasting is presented. The model

features specialized modules tailored to extract
distinct feature types from datasets originating from

multiple domains.

Bi-level Spatio-Temporal (BILST)
model using CNN-based
spatiotemporal learning

Pérez et al., 2021 [105] Satellite images

This study introduces an intra-day GHI forecasting
approach that requires neither training nor real-time

measurements at the site. The model relies on a
series of time-dependent irradiance estimates from

nearby locations as its primary input.

89.6% CNN-based with dense layers
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Table 9. Cont.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Cheng et al., 2021 [106] Satellite images
An end-to-end forecasting model is presented that
directly processes satellite imagery to predict PV

power generation.

DL model based on
auto-encoder (AE) framework +

dynamic Regions of Interest
(ROI) from satellite image data

Sun et al., 2019 [107]

Sky images (6 MP (.jpg) fish-eye
camera) and video images in a

resolution of 1536 × 1536 pixels
at 20 frames per second (fps).

The paper proposes a tailored CNN architecture for
15 min-ahead forecasting that integrates sky images

and lagged PV output data within a single
unified network.

83%

Specialized CNN designed
(SUNSET) + hybrid

inputs—historical PV output
and sky images

Sun et al., 2018 [108]

Sky images (6 megapixel with
3072 × 2048 resolution) fish-eye

camera with a field of view
(FOV) of 360◦

A specialized CNN model is introduced for
forecasting 15 min ahead, combining both sky
images and time-lagged PV outputs into one

fused architecture.

CNN-based + Impact of depth,
width, and input
image resolution

Jiang et al., 2020 [109] Sky images

This study investigates the estimation of
minute-scale PV output from sky imagery using

convolutional neural networks, confirming that such
images contain rich information about solar

irradiance and, consequently, local PV production.

CNN-based architectures
inspired by AlexNet and VGG

with nonlinear regression
capabilities

Nie et al., 2020 [110] 102,885 sky images (resolution
64 × 64 pixels)

Building on standard CNN designs for classification,
a new regression-focused CNN architecture is

developed for image-to-value prediction, taking
image sets as inputs and producing continuous

outputs.

73–89%

A CNN-based + non-parametric
physics-based classifier with
cloudiness threshold derived

from sky images.

Lopez et al., 2024 [111]
sky images to identify clouds

(cloud segmentation) mapped in
the RGB color space

The goal of this work is to create a hybrid
solar-forecasting model that integrates sky images, a

sky-condition classifier, and a CNN-based
prediction module.

88.5% Optical flow-based AI model
(CNN-based model)

Ogliari et al., 2024 [112]
Infrared images captured by an

All-Sky Imager
(128 × 128 pixels resolution)

This paper presents a CNN that uses sequences of
infrared images to forecast GHI across several

forecasting horizons. A real-world evaluation is
conducted using six months of high-resolution

observational data.

Enhanced CNN +
Exogenous inputs
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Table 9. Cont.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Liu et al., 2023 [113]
sky images (using optimized
image sequence length and

resolution)

This study introduces a sparse spatiotemporal
feature descriptor designed to improve the

extraction of dynamic spatiotemporal information
from continuous grayscale sky images, with spatial

pyramid pooling applied to refine the extracted
features.

41–76% Dense CNN + RGB sky image +
Spatial pyramid pooling

Zhen et al., 2020 [114]
25,000 sky images (resolution of

each original sky image is
258 × 245 pixels)

To accurately capture the real-time mapping
between sky images and surface irradiance, this
paper proposes a hybrid deep learning–based
mapping model tailored for solar PV power

forecasting.

88.6%

Preprocessing extraction from
sky images using a

convolutional autoencoder +
K-means clustering + hybrid

deep learning CNN-based
model

Zhang et al., 2020 [115]

Sky Imager system (RGB mode
with fisheye lens. Resolution of

the captured pictures is
2048 × 1536 pixels)

This work presents a pre-processing technique that
extracts key statistical features from sky images.

These features, together with historical PV output
data, are then input into a lightweight deep learning
forecasting model. The approach is evaluated using

case studies from an operational solar farm.

Recurrent neural network
(RNN) + CNN-based model

El Alani et al., 2021 [116]

Sky images from a
hemispherical camera (fisheye
camera with a field of view of

182◦, resolution size of
2048 × 1536 pixels)

The model utilizes hemispherical sky images, GHI
time series, and weather measurements from a

ground station. A hybrid CNN–MLP framework is
proposed to forecast global irradiance 15 min in

advance.

94–99% CNN + Multilayer Perceptron
(MLP)

Karout et al., 2022 [117]

Sky imager (1.5 MP HDR image
with high-end color CMOS;

Model PROMES-CNRS,
PROMECA, Paris, France)

This paper develops a short-term direct normal
irradiance (DNI) forecasting method using a hybrid
model that incorporates both DNI observations and

ground-based sky imagery.

72–80%
CNN-based in parallel with

MLP (with cloud fraction (CF) in
the ROI) + Regression MLP

Qin et al., 2022 [118] Geostationary satellite images

This study focuses on integrating satellite data with
ground-based observations to improve intraday PV

power forecasts, particularly during cloudy
conditions.

90% CNN-based + Long Short-Term
Memory (LSTM) network
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Zhao et al., 2019 [119]

Total Sky Imager (TSI-880
(Yankee Environmental Systems

(YES) Inc., Turner Falls, MA,
USA), with ground-based cloud

(GBC) images. Resolution is
352 × 288 pixels)

A novel 3D-CNN approach is presented that
processes sequences of GBC images to extract cloud
features, including texture and temporal dynamics.

These features, combined with DNI data, are used to
construct a DNI forecasting model.

67–82.6%
CNN architecture + Multiple
dimensions from time-series

GBC image sequences.

Yang et al., 2021 [120] Sky image (RGB color with
1536 × 1536 pixels resolution)

A 3D CNN-based model is introduced to extract
features from ground sky images for short-term GHI

forecasting using machine learning techniques.
72.1% Tree-dimensional (3D) CNN +

sky image sequences

Eşlik et al., 2022 [121]

Sequential sky images
(167◦ angle of view is obtained
with the 8 mm F3.5 fisheye lens,
ISO100, RGB, 4000 × 6000-pixels
resolution settings. JPEG format;
model EOS 80D digital camera,

Canon, Japan, Tokyo)

This paper develops a deep learning method using
image processing to predict short-term cloud

movement and solar radiation for a 5 min
forecasting horizon.

48–92%

K-means clustering with a
red/blue color ratio + Long
Short-Term Memory (LSTM)

neural network

Chu et al., 2022 [122] All-sky imager ASI-16

In this study, a system is proposed to accurately
estimate solar irradiance and PV power output.

Features extracted from all-sky images are used to
derive regional and global weighting factors, which
are then fed into an LSTM model to estimate solar

irradiance.

95.6–96% ASI + Long Short-Term Memory
(LSTM) neural network

Rajagukguk et al.,
2021 [123]

All-sky imager (180◦ field of
view based on a digital camera

with a resolution of
2272 × 1704 pixels; model

VIS-J1006 (Total Sky Camera),
Schreder CMS, Kirchbichl,

Austria)

This study applies a long short-term memory
(LSTM) deep learning algorithm, using cloud cover

data extracted from sky images through image
processing to forecast cloud cover 10 min in advance.

61.2% ASI + Long Short-Term Memory
(LSTM) neural network
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Yao et al., 2021 [124] Satellite images (shortwave
radiant (SWR) fluxe images)

The proposed framework combines an advanced
U-Net and an encoder–decoder architecture to

capture both temporal correlations in measurements
and spatial correlations in satellite images, resulting

in more accurate PV power predictions.

Local measurement data (LMD)
+ numerical weather predictions

(NWP) + satellite images +
specialized U-Net-based module
+ an encoder–decoder structure

enhanced with attention
mechanisms (AM) and LSTM

networks

Si et al., 2021 [125] Satellite images

This paper introduces a satellite image–based
method for PV power forecasting using
low-frequency satellite data. Forecasting

performance is enhanced by leveraging cloud
information obtained through the active cloud

region selection (ACRS) and sequential cloud region
selection (SCRS) algorithms.

Convolutional Long Short-Term
Memory (CLSTM) neural

network

Bo et al., 2023
[126]

Total sky images (TSI) (maps of
images based on the RBR

algorithm)

Using multi-exposure high-resolution total sky
images (TSIs), this study presents an advanced

ultra-short-term PV prediction method. The fused
multi-exposure images provide enhanced detail on
edges and brightness for better forecasting accuracy.

49.1–66%
Convolutional Long Short-Term

Memory (CLSTM) neural
network

Terrén-Serrano and
Martínez-Ramón,

2023 [127]
Infrared sky images

The method integrates local physical features—such
as the mean and variance of cloud temperature,

height, velocity magnitude, divergence, and
curl—from sky images with global weather

variables, including Clear Sky Index (CSI), solar
azimuth and elevation, air temperature, dew point,

atmospheric pressure, and relative humidity.

89.4%
Convolutional Long Short-Term

Memory (CLSTM) neural
network

Paletta et al., 2023 [128] Satellite and sky images

This paper introduces a hybrid solar forecasting
model for clear-sky conditions that improves

longer-term predictions and establishes a foundation
for combining sky images and satellite observations

within a single learning framework for enhanced
solar nowcasting.

Spatial encoder + Temporal
encoder + Gated Recurrent Unit

(GRU) module
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Zhang et al., 2023 [130] Sky images (1536 × 1536 pixels
resolution)

A novel deep learning framework for solar
irradiance forecasting is proposed, which establishes
cross-modal connections between sky images and

meteorological data to improve prediction accuracy.

Vision Transformer model +
fusion improved ramp event

prediction

Liu et al., 2023 [131]
Ground-based sky images

(RGB-channeled ground-based
sky image sequence)

This study presents a cross-modality attention
approach to explore correlations between sky images
and historical data, enhancing the performance of

solar forecasting models.

49.5%

Historical clear-sky GHI
estimates + encoded using

Informer model + Sky images
optical flow maps + Vision

Transformer

Mercier et al., 2024 [132]
Sky images from both fisheye

(all-sky) and standard lens
cameras

Using 17 years of field data from a temperate climate
site, this paper demonstrates that a vision

transformer (ViT)–based model can accurately
estimate irradiance from sky images alone, without

relying on any auxiliary inputs.

Vision transformer model + sky
images

Xu et al., 2023 [133] Sky images

This paper develops an ultra-short-term PV
forecasting framework based on cloud images,

integrating a ViT model with a GRU encoder for
high-dimensional feature extraction, and employing

an MLP to generate one-step-ahead PV power
predictions.

Vision Transformer (ViT) +
Gated Recurrent Unit (GRU)

encoder + Multi-Layer
Perceptron (MLP)

Fu et al., 2021 [134] Sky images (16,456 image
sequences)

This study proposes CAE-based sky image
prediction models to address the limitations of

digital image processing technology (DIPT)-based
approaches, such as restricted input image sequence

lengths and linear image extrapolation.

Two-dimensional and 3D
Convolutional Autoencoder

(CAE)-based + based sky images

Cheng et al., 2021 [106] Satellite images (with resolution
of 2401 × 2401 pixels)

An end-to-end short-term forecasting model is
introduced that takes satellite images as input and
learns cloud motion patterns from stacked optical

flow maps. To manage the large data volume, static
regions of interest (ROIs) are defined based on

historical cloud velocity data.

81.5%
Satellite images + Autoencoder

(AE) + Static and dynamic
Regions of Interest (ROIs)
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Zhen et al., 2021 [135]

Total Sky Imager (TSI-880
(Yankee Environmental Systems

(YES) Inc., Turner Falls, MA,
USA), resolution of
352 × 288 pixels)

This paper introduces a novel CAE-based cloud
distribution feature (CDF) extraction method,

followed by an LSTM-FUSION model for irradiance
forecasting, along with a new approach for

determining input time step length using attention
distribution analysis.

Convolutional Autoencoder
(CAE)-based + LSTM-FUSION

Trigo-González et al.,
2023 [136]

Total Sky Imager (TSI-880
(Yankee Environmental Systems

(YES) Inc., Turner Falls, MA,
USA), resolution of

352 × 288 pixels. The images
are saved in JPEG)

Two short-term (3 h) forecasting models are
developed to predict PV production at the

University of Almería’s integrated plant. The
approach combines sky camera imagery with

artificial intelligence techniques.

Multilayer Perceptron (MLP) +
Support Vector Machine (SVM)

Chu et al., 2016 [137]

Sky Images (8-bit RGB
(1536 × 1536 pixels resolution

using 3.1 MP CMOS sensors and
a 360◦ panoramic-view lens;

model FE8171V, Vivotek, New
Taipei City, Taiwan)

This study presents a sky-imaging system featuring
a fisheye digital camera mounted on an automatic
solar tracker that follows the Sun’s diurnal path.
Numerical image features are extracted from the

segmented sky region and used as exogenous inputs
for MLP models to forecast direct normal irradiance.

Sky images + Smart masking
algorithm + Multilayer

Perceptron (MLP)

Hu et al., 2018 [138] Sky Images (cloud images)

An ultra-short-term PV power prediction model is
proposed based on the dynamic motion

characteristics of clouds shading the Sun. The model
employs a radial basis function (RBF)

neural network.

Sky images + Radial Basis
Function (RBF) neural network

Song et al., 2022 [139] Sky images

A novel nowcasting model incorporating a
convolutional block attention module (CBAM) based

on VGG networks is proposed. Local cloud cover
(LCC) is combined with cloud features from sky
images to improve GHI forecasting performance.

90.99%
Convolutional Block Attention
Module (CBAM) + VGG-based

neural network
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Manandhar et al.,
2022 [140]

Total Sky Imager (resolution of
352 × 288 pixels)

This paper proposes a short-term forecasting
method using transfer learning with Total Sky

Imager (TSI) images. Deep neural networks such as
AlexNet and ResNet-101 extract convolutional

features, which are then used within an ensemble
learning framework to forecast solar radiation.

82.7%
Total Sky Imager (TSI) +

AlexNet and ResNet-101 deep
neural network architectures

Nespoli et al., 2022 [141] Satellite Images

This work aims to forecast solar irradiance 15 min
ahead with high accuracy, using machine learning
techniques that incorporate satellite imagery and

weather data.

84.2%

Single-Hidden Layer Feed
Forward Neural Network +

Softmax function (SHLNN) +
Double-Hidden Layer Feed
Forward Neural Network +

Softmax function (DHLNN) +
Random Forest (RF) technique

Anagnostos et al.,
2019 [142]

Sky Images (full 180◦ field of
view, a circular fisheye frame in
a 1920 × 1920 pixels resolution)

A method is presented for generating detailed and
accurate PV energy yield forecasts with 1 s

resolution and up to 15 min lead time, based on
sky-imager data and tailored neural network

models.

72%
Sky images + NARX (non-linear
auto-regressive with exogenous

input) neural network

Wen et al., 2023 [143]

Satellite Images (solar irradiance
maps (SIMs). SIM frames are

saved as images of
128 × 128 pixels)

This paper introduces a generative forecasting
approach for regional solar irradiance, addressing
limitations of conventional methods. The model
extends forecasts from small areas to an entire

region, generating solar profiles at flexible spatial
scales and resolutions.

86%

Satellite-derived irradiance
image data + Spatial Kriging
interpolation + multi-scale

Generative Adversarial Network
(GAN)

López-Cuesta et al.,
2023 [144] Satellite and sky images

This study investigates the advantages of blending
multiple forecasting models, including four all-sky

imager (ASI)–based models, two satellite
image–based models, and one data-driven model.
Two blending strategies (general and horizon) and
two blending techniques (linear and random forest)

were evaluated.

Four all-sky imager (ASI)-based
models + Two Satellite-based

models + one data-driven model
+ Linear and Random Forest (RF)

models
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Al-lahham et al.,
2020 [145]

Sky images (TSI-880 (Yankee
Environmental Systems (YES)
Inc., Turner Falls, MA, USA),

full-color wide-angle view sky
images at an interval of 10 min,

313,562 images used)

A new method is presented for short-term solar
irradiance estimation from sky images. The

approach extracts features from the images and
applies machine learning techniques to predict
irradiance. Its performance is validated using

two publicly available sky image datasets.

Random Forest (RF) + K-nearest
neighbors (KNN)

Chu et al., 2015 [146] Sky images (8-bit RGB sky
images with 1536 × 1536 pixels)

This work proposes a hybrid, real-time forecasting
model to generate prediction intervals for

one-minute averaged direct normal irradiance over
four intra-hour horizons: 5, 10, 15, and 20 min. The
model integrates sky imaging with SVM and ANN

sub-models.

89%
Support Vector Machines (SVM)

+ Artificial Neural Networks
(ANN)

Terrén-Serrano and
Martínez-Ramón,

2021 [147]

Ground-based radiometric
long-wave infrared imaging

system

This study introduces a method to visualize wind
velocity fields from sequences of longwave infrared

cloud images, even when multiple wind fields
coexist. The technique can be used to anticipate

cloud occlusion of the Sun, enhancing the stability of
solar energy generation.

Longwave infrared cloud
images + multi-output weighted

SVM with flow constraints

Jang et al., 2016 [148] Meteorological Satellite images

A solar power forecasting model is proposed based
on satellite imagery and a support vector machine
(SVM) learning scheme. Cloud motion vectors are

predicted using atmospheric motion vectors (AMVs)
derived from satellite data.

91%
Satellite images + cloud and
irradiance images + Support

Vector Machine (SVM)

Wang et al., 2020 [149]

Sky images (RGB values and
position information (distance

from the pixel to the sun center)
of sky image pixels are extracted

as model input)

In this approach, RGB values and pixel position
information are extracted from sky images after

background removal and distortion correction to
explore the relationship between sky imagery and
solar irradiance. A real-time sky image–irradiance

mapping model is then developed, trained, and
updated continuously using incoming sky images

and irradiance measurements.

up to 90% Backpropagation Neural
Network (BPNN) + SVM
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Straub et al., 2024 [150] Meteorological satellite images
and Sky images

This study presents a novel all-sky imager (ASI)
nowcasting system, benchmarked against an

existing ASI method, a satellite nowcasting system,
and persistence. The outputs of these methods are

subsequently combined into a hybrid model to
enhance forecasting accuracy.

Sky Images +
Linear-Times-dependent

regression

Catalina et al., 2020 [151] Satellite Data (Visible and
Infrared Imager technology)

This work uses clear-sky irradiance estimates
together with machine learning models to nowcast

PV energy production across peninsular Spain. Both
linear models (Lasso and linear SVR) and highly

non-linear models (Deep Neural Networks,
including MLPs, and Gaussian SVR) are employed.

Lasso regression + linear
Support Vector Regression (SVR)
+ Multilayer Perceptron (MLP) +

Gaussian SVR

Peng et al., 2015 [152]

Total sky imagers (TSIs) (Instead
of tracking a single cloud pixel,
sky images are used to generate
both global features at the image
level as well as local variations

within a small pixel
7 × 7 window)

This paper presents a system for short-term solar
irradiance forecasting using multiple total sky

imagers (TSIs). The approach incorporates a novel
method for identifying and tracking clouds in 3D

space, along with a pipeline for forecasting surface
solar irradiance based on extracted cloud

image features.

91–96.2%

Sky Images + linear RBR
(Red-Blue ratio) delta + ordinary

linear regression model +
Support Vector Regression (SVR)
based on a linear kernel + SVR

with a non-linear kernel

Nie et al., 2024 [153] Historical sky image sequences

This study focuses on ultra-short-term probabilistic
solar forecasting, aiming to generate range

predictions for PV power output 15 min ahead. It
introduces a two-stage deep learning–based

probabilistic framework to overcome challenges in
sky image–based solar forecasting.

Sky Images + U-Net-based PV

Arbizu-Barrena et al.,
2017 [154]

Sky images (TSI-880 Total Sky
Camera; Yankee Environmental
Systems (YES) Inc., Turner Falls,

MA, USA) and Visible and
Satellite Data (Visible and

Infrared Imager technology)

A new short-term solar radiation forecasting
method, CIADCast, is proposed and validated. The

approach relies on advection and diffusion of
Meteosat Second Generation (MSG) cloud index

images, combined with simulations from the WRF
numerical weather prediction model.

Cloud Index Advection and
Diffusion Cast (CIADCast) +
Meteosat Second Generation
(MSG) satellite cloud index

images + Weather Research and
Forecasting (WRF) model +

Heliosat-2 technique
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Terrén-Serrano and
Martínez-Ramón,

2023 [155]
Radiometric IR sky images

This investigation develops a method to extract
cloud dynamic features from raw sky images and

Global Solar Irradiance (GSI) measurements, which
can be integrated into solar forecasting algorithms to

reduce the need for hardware supervision.

Up to 98.1% IR sky images + linear Support
Vector for Classification (SVC)

Caldas and
Alonso-Suárez, 2019 [156]

Ground-based all-sky images
(DSLR camera 18 megapixel
CMOS sensor with a fish-eye

lens which provides a 180◦ field
of view. Resolution of

1920 × 1280 pixels; Model
PROMES-CNRS, PROMECA,

Paris, France)

A hybrid model is presented that combines real-time
irradiance measurements with all-sky imagery to

produce 1-to-10 min-ahead forecasts of
one-minute-averaged GHI at a collocated site.

Up to 62% Sky Images + Cross-Correlation
Method (CCM)

Chu et al., 2022 [157]

Network of hemispheric
sky-imaging cameras (equipped
with a CMOS sensor and RGB

mode; model FE8173V, Vivotek,
New Taipei City, Taiwan)

An Image-to-Irradiance (I2I) algorithm is introduced
to simultaneously estimate high-resolution direct,

diffuse, and global solar irradiance from sky images.
Spatial interpolation using the Kriging method is

applied to generate irradiance fields across the entire
basin.

85%
Image to Irradiance algorithm

(I2I) + Spatial interpolation
using the Kriging method

Terrén-Serrano and
Martínez-Ramón,

2023 [158]
IR sky images

This method estimates cloud motion in consecutive
sky images by extracting cloud dynamic features to
forecast GHI for a photovoltaic system. The images
are captured using a low-cost infrared sky imager

mounted on a solar tracker.

89.39% Sky Images + Multi-Task
Bayesian learning

Nou et al., 2018 [159]

Sky images (10 bit High
Dynamic Range (HDR) images,

4-MP color camera with
resolution of 2048 × 2048 pixels;

Model PROMES-CNRS,
PROMECA, Paris, France)

A novel approach for intra-hour DNI forecasting
with lead times up to 30 min is introduced. The

method decomposes DNI into clear-sky DNI and the
clear-sky index to improve prediction accuracy.

Adaptive Network-based Fuzzy
Inference System (ANFIS)
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Zhang et al., 2018 [162]

Sky images (HDR sky images,
resolution of 1280 × 1280 pixels;
Model IMX265 camera equipped

with a Spacecom TV1634M
fisheye lens, Sony, Japan, Tokyo)

This study proposes learning the relationship
between sky appearance and short-term PV power
output using deep learning. Several convolutional
neural network variants are trained with historical

PV power data and sky images to predict
near-future PV generation.

MLP, CNN an LSTM

Paletta et al., 2021 [163]

Sky images (RGB images of the
EKO SRF-02 (EKO Instruments

Europe, The Hague, The
Netherlands) all-sky camera.

Resolution of 768 × 1024 pixels)

The work evaluates and compares four widely used
deep learning architectures for forecasting solar
irradiance using sequences of hemispherical sky
images, combined with additional external data.

CNN, CNN + LSTM, 3D-CNN
and a convolutional long

short-term memory network
(CLSTM).

Kong et al., 2020 [164] Sky images

This paper presents several novel deep
whole-sky-image learning approaches for very
short-term PV forecasting, targeting lead times
between 4 and 20 min. Multiple deep learning

models are investigated, integrating both static sky
image features and dynamic sky image sequences.

50–74%

CLSTM, CLSTM-H, CNN-LSTM,
CNN-LSTM-H, PREDNET

(Predictive Coding Network),
PREDNET-H, PM (persistence

model), SPM (the smart
persistence model), SLNN
(simple machine learning

model), SLNN-weather, Static
Image Only and Static

Image Hybrid.

Li et al., 2016 [165]

Sky images (The fish-eye camera
has a 180◦ field-of-view and a
3.1 MP CMOS sensor; model

FE8173V, Vivotek,
New Taipei City, Taiwan)

This study quantitatively examines how cloud
transmittance and cloud velocity affect the accuracy

of short-term DNI forecasts. DNI predictions are
first assessed using manually measured cloud

velocities with invariant and real-time sky and cloud
transmittance inputs, determined by visually

comparing consecutive sky images and measuring
cloud displacement with an e-ruler.

Up to 83.9%

Scale-Invariant Feature
Transform (SIFT), Optical Flow
(OF), Cross-Correlation (X-corr),

and Particle Image
Velocimetry (PIV)
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Chow et al., 2011 [170]

Sky images (TSI 440 A (Yankee
Environmental Systems (YES)
Inc., Turner Falls, MA, USA),
Images are 24-bit compressed

JPGs. The camera provides
images with 640 × 480 pixel

resolution)

A method for intra-hour, sub-kilometer cloud
forecasting and irradiance nowcasting using

ground-based sky imagery is presented. Sky images
captured every 30 s are processed to determine sky

cover using a clear-sky library and sunshine
parameter. Cloud shadows on the surface are then
estimated from a 2D cloud map generated through

coordinate-transformed sky cover data.

60–90.6% Cloud image cross-correlation

Nouri et al., 2018 [171] Sky images (RBR mode)

This work introduces a novel object-oriented
approach employing four spatially distributed
all-sky imagers (ASIs). A key innovation is the

modeling of each detected cloud as an individual 3D
object with attributes such as height, position,

surface area, volume, transmittance, and motion
vector. The system tracks each cloud separately to

account for frequent, complex multilayer cloud
movements.

Three-dimensional voxel
carving technique

Hammer et al., 1999 [172] Geostationary satellite
METEOSAT images

This paper presents a statistical method to detect
cloud motion from satellite images. By extrapolating

the temporal evolution of cloud structures, solar
radiation can be forecasted for time horizons

ranging from 30 min to 2 h.

Bayesian-based algorithm

Nouri et al., 2019 [173]

Hemispherical sky images
(two ASIs (Mobotix Q24

surveillance cameras; Mobotix,
Mobotix, Winnweiler, Geramny)

A probabilistic method for estimating cloud
transmittance is introduced, leveraging historical

and recent measurements of cloud height and
transmittance. Cloud heights are obtained using a

stereoscopic technique to enable accurate solar
irradiance nowcasting.

Up to 90%

Historical and recent cloud
height + Transmittance

measurements + Cloud height is
measured with a stereoscopic

method
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Zhen et al., 2019 [174] Sky images (300 images with
256 × 256 pixel resolution)

To enhance computation accuracy, a pattern
classification and particle swarm

optimization–based method (PCPOW) is proposed
for calculating cloud motion speed from sky images

for solar PV power forecasting.

Up to 96.99% Particle swarm optimization
(PSO) + k-means clustering

Kuhn et al., 2017 [175]

Shadow camera system
(six cameras taking photos from

the top of a tower. An
ortho-normalized image

(orthoimage) is calculated.

This study presents a shadow camera system
capable of providing spatially resolved maps of

Direct Normal Irradiance (DNI), Global Horizontal
Irradiance (GHI), and Global Tilted Irradiance (GTI).

Shadow camera system +
Spatially resolved maps

Rajagukguk et al.,
2022 [176]

Hemispherical sky images
(J1006, 4 MP, resolution of

2272 × 1704 pixels ands gives a
180◦ horizontal field of view;
model VIS-J1006 (Total Sky

Camera), Schreder CMS,
Kirchbichl, Austria).

A new parameter, the sun-blocking index (SBI), is
introduced to model partial solar occlusion by

clouds, improving solar irradiance estimates under
variable weather. Additionally, an image processing

approach is proposed to calculate SBI from sky
images.

>65% Sun-Blocking Index (SBI)



Appl. Sci. 2025, 15, 13285 55 of 93

This section reviews computer vision and deep learning methods used for short-
term solar photovoltaic (PV) forecasting, focusing mainly on sky-camera and satellite
imagery. It explains how cloud detection, tracking, and motion prediction are essential
for forecasting solar irradiance and PV power. The review highlights a wide range of
approaches—including CNNs, LSTMs, hybrid models, optical flow, autoencoders, and
transformer-based architectures—showing how visual data can significantly improve fore-
cast accuracy from seconds to hours ahead. Comparability of the accuracy metrics is made
difficult because the studies listed in Table 9 employ different image datasets and that are
not always fully characterized and available as shown in Table 10. This table shows the
information about methods and techniques adopted in computer vision in solar forecasting,
where most databases are not publicly available, which makes it very difficult to perform a
fair and clear comparison.

Table 10. Database information about the Methods and Techniques adopted in Computer vision for
solar forecasting (all website links accessed on 18 November 2025).

Year and Reference Public Database Source Database

Chu et al., 2015 [93] No Not available by the authors for benchmarking and further research

West et al., 2014 [94] Yes CSIRO
https://data.csiro.au/collection/csiro:41578

Kamadinata et al., 2019 [95] No Not available by the authors for benchmarking and further research

Chu et al., 2015 [96] No Not available by the authors for benchmarking and further research

Chu et al., 2013 [97] No Not available by the authors for benchmarking and further research

Pothineni et al., 2019 [98] No Not available by the authors for benchmarking and further research

Feng and Zhang, 2020 [99] Yes Github
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset

Venugopal et al., 2019 [100] Yes Github
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset

Wen et al., 2021 [101] No Not available by the authors for benchmarking and further research

Feng et al., 2022 [102] Yes Github
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset

Ajith and Martínez-Ramón,
2021 [103] Yes DRYAD

https://doi.org/10.5061/dryad.zcrjdfn9m

Zhang et al., 2021 [104] No Not available by the authors for benchmarking and further research

Pérez et al., 2021 [105] No Not available by the authors for benchmarking and further research

Cheng et al., 2021 [106] No Not available by the authors for benchmarking and further research

Sun et al., 2019 [107] Yes Github
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset

Sun et al., 2018 [108] Yes Github
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset

Jiang et al., 2020 [109] No Not available by the authors for benchmarking and further research

Nie et al., 2020 [110] Yes Github
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset

Lopez et al., 2024 [111] No Not available by the authors for benchmarking and further research

Ogliari et al., 2024 [112] No Not available by the authors for benchmarking and further research

Liu et al., 2023 [113] No Not available by the authors for benchmarking and further research

Zhen et al., 2020 [114] No Not available by the authors for benchmarking and further research

https://data.csiro.au/collection/csiro:41578
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset
https://doi.org/10.5061/dryad.zcrjdfn9m
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset
https://github.com/yuhao-nie/Stanford-solar-forecasting-dataset
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Table 10. Cont.

Year and Reference Public Database Source Database

Zhang et al., 2020 [115] Yes

The study uses three datasets.
Zenodo
https://zenodo.org/records/2826939
NREL
https://data.nrel.gov/submissions/7
SIRTA
Available upon request via the SIRTA observatory.

El Alani et al., 2021 [116] No Not available by the authors for benchmarking and further research

Karout et al., 2022 [117] Yes Zenodo
https://zenodo.org/records/6410813

Qin et al., 2022 [118] No Not available by the authors for benchmarking and further research

Zhao et al., 2019 [119] No Not available by the authors for benchmarking and further research

Yang et al., 2021 [120] No Not available by the authors for benchmarking and further research

Eşlik et al., 2022 [121] Yes Zenodo
https://zenodo.org/records/2826939

Chu et al., 2023 [122] No Not available by the authors for benchmarking and further research

Rajagukguk et al., 2021 [123] No Not available by the authors for benchmarking and further research

Yao et al., 2021 [124] No Not available by the authors for benchmarking and further research

Si et al., 2021 [125] No Not available by the authors for benchmarking and further research

Bo et al., 2023 [126] No Not available by the authors for benchmarking and further research

Terrén-Serrano and
Martínez-Ramón, 2023 [127] Yes Dryad

https://doi.org/10.5061/dryad.zcrjdfn9m

Paletta et al., 2023 [128] No Not available by the authors for benchmarking and further research

Zhang et al., 2023 [130] No Not available by the authors for benchmarking and further research

Liu et al., 2023 [131] No Not available by the authors for benchmarking and further research

Mercier et al., 2024 [132] No Not available by the authors for benchmarking and further research

Xu et al., 2023 [133] No Not available by the authors for benchmarking and further research

Fu et al., 2021 [134] No Not available by the authors for benchmarking and further research

Cheng et al., 2021 [106] No Not available by the authors for benchmarking and further research

Zhen et al., 2021 [135] No Not available by the authors for benchmarking and further research

Trigo-González et al.,
2023 [136] No Not available by the authors for benchmarking and further research

Chu et al., 2016 [137] Yes Zenodo
https://zenodo.org/records/2826939

Hu et al., 2018 [138] No Not available by the authors for benchmarking and further research

Song et al., 2022 [139] No Not available by the authors for benchmarking and further research

Manandhar et al., 2022 [140] Yes OSTI.GOV
https://www.osti.gov/biblio/1025309

Nespoli et al., 2022 [141] No Not available by the authors for benchmarking and further research

Anagnostos et al., 2019 [142] No Not available by the authors for benchmarking and further research

Wen et al., 2023 [143] No Not available by the authors for benchmarking and further research

López-Cuesta et al., 2023 [144] No Not available by the authors for benchmarking and further research

Al-lahham et al., 2020 [145] Yes NREL SRRL Total Sky Imager (TSI-880) Sky Image Dataset,
https://midcdmz.nrel.gov/

https://zenodo.org/records/2826939
https://data.nrel.gov/submissions/7
https://zenodo.org/records/6410813
https://zenodo.org/records/2826939
https://doi.org/10.5061/dryad.zcrjdfn9m
https://zenodo.org/records/2826939
https://www.osti.gov/biblio/1025309
https://midcdmz.nrel.gov/
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Table 10. Cont.

Year and Reference Public Database Source Database

Chu et al., 2015 [146] Yes Zenodo
https://zenodo.org/records/2826939

Terrén-Serrano and
Martínez-Ramón, 2021 [147] Yes DRYAD

https://datadryad.org/dataset/doi:10.5061/dryad.zcrjdfn9m

Jang et al., 2016 [148] No Not available by the authors for benchmarking and further research

Wang et al., 2020 [149] No Not available by the authors for benchmarking and further research

Straub et al., 2024 [150] No Not available by the authors for benchmarking and further research

Catalina et al., 2020 [151] No EUMETSAT radiances + REE PV energy datasets

Peng et al., 2015 [152] No Not available by the authors for benchmarking and further research

Nie et al., 2024 [153] Yes Github
https://github.com/yuhao-nie/SkyGPT

Arbizu-Barrena et al.,
2017 [154] No Not available by the authors for benchmarking and further research

Terrén-Serrano and
Martínez-Ramón, 2023 [155] Yes DRYAD

https://datadryad.org/dataset/doi:10.5061/dryad.zcrjdfn9m

Caldas and Alonso-Suárez,
2019 [156] No Not available by the authors for benchmarking and further research

Chu et al., 2022 [157] No Not available by the authors for benchmarking and further research

Terrén-Serrano and
Martínez-Ramón, 2023 [158] Yes DRYAD

https://datadryad.org/dataset/doi:10.5061/dryad.zcrjdfn9m

Nou et al., 2018 [159] No Not available by the authors for benchmarking and further research

Zhang et al., 2018 [162] Yes Private page
https://rodrigo.verschae.org/skyPvCapture/

Paletta et al., 2021 [163] No Not available by the authors for benchmarking and further research

Kong et al., 2020 [164] No Not available by the authors for benchmarking and further research

Li et al., 2016 [165] No Not available by the authors for benchmarking and further research

Chow et al., 2011 [170] No Not available by the authors for benchmarking and further research

Nouri et al., 2018 [171] No Not available by the authors for benchmarking and further research

Hammer et al., 1999 [172] No Not available by the authors for benchmarking and further research

Nouri et al., 2019 [173] No Not available by the authors for benchmarking and further research

Zhen et al., 2019 [174] No Not available by the authors for benchmarking and further research

Kuhn et al., 2017 [175] No Not available by the authors for benchmarking and further research

Rajagukguk et al., 2022 [176] No Not available by the authors for benchmarking and further research

Across the diverse body of research on short-term and intra-hour solar PV forecasting,
several recurring limitations and failure modes emerge. These challenges appear con-
sistently in approaches relying on sky imagery, satellite data, cloud-tracking algorithms,
machine learning (ML), and deep learning (DL), such as:

• Limited Generalization Across Sites, Seasons, and Weather Regimes;
• Heterogeneous Datasets and Lack of Standard Benchmarks;
• Field-of-View Constraints and Spatial-Scale Mismatch;
• Cloud Motion Estimation Errors;
• Sun-Region Artifacts and Camera Limitations;
• Limited Treatment of Uncertainty and Extreme Events
• Underrepresentation of Ramp and Event-Based Evaluation;
• Computational Complexity and Deployment Constraints;

https://zenodo.org/records/2826939
https://datadryad.org/dataset/doi:10.5061/dryad.zcrjdfn9m
https://github.com/yuhao-nie/SkyGPT
https://datadryad.org/dataset/doi:10.5061/dryad.zcrjdfn9m
https://datadryad.org/dataset/doi:10.5061/dryad.zcrjdfn9m
https://rodrigo.verschae.org/skyPvCapture/
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• Dependence on Proprietary or Non-Standard Hardware,

Overall, the literature shows strong progress in exploiting sky images, satellite prod-
ucts, and Machine Learning (ML)/Deep Learning (DP) architectures for ultra-short-term
solar forecasting. However, generalization, robustness, uncertainty, and real-world deploy-
ment remain major open challenges. Addressing these limitations through standardized
datasets, cross-site validation, probabilistic modeling, and computational efficiency is
essential for translating research models into operational forecasting tools.

4.4. Detection of Clean/Unclean PV Modules

Dust accumulation on PV surfaces has detrimental effects, including reduced effi-
ciency and power output [177]. Dust particles block sunlight, hindering power generation.
Furthermore, prolonged dust deposition leads to diminished energy output and accelerated
system degradation, ultimately reducing the lifespan of PV systems. In desert and arid
regions, solar power plants face harsh environmental conditions, particularly dust accumu-
lation and limited rainfall, which significantly reduce the efficiency of photovoltaic (PV)
panels. Another factor with a negative effect on the electricity generation of a photovoltaic
cell is the snow layer that occurs in countries with snowy climates. In these locations, the
energy loss resulting from partial or full snow coverage on PV panels significantly reduces
renewable energy efficiency. Consequently, regular cleaning is essential for maximizing
performance and ensuring the durability of PV systems. Accurately identifying dust and
snow accumulation on PV surfaces is crucial for maintaining efficiency and extending
system lifespan. Figure 16 shows RGB images of photovoltaic panels containing dust and
snow on their surface. Figure 16a,b are used in single classification of the PV panel fault,
while Figure 16c is used in the detection and classification of multi-class fault types.

   

 
(a)  (b)  (c) 

Figure 16. Examples of two types of dirt on the PV panel surfaces (a) Dust; (b) Snow; (c) Dust and
bird drop.

Current methods heavily rely on manual inspections, which are labor-intensive, time-
consuming, and prone to human error [178]. These inspections require specialists to
manually access and visually examine each panel, presenting significant challenges for
large-scale installations or those located in remote areas. Furthermore, manual checks
increase maintenance costs and expose workers to potential safety hazards. Solar energy
production is a clean, renewable, and low-carbon energy source, serving as an alternative
to fossil fuels. However, the locations chosen for the installation of solar parks often
do not present the best environmental conditions, which can lead to a reduction in the
energy production efficiency of photovoltaic panels. Among the environmental factors
that influence the energy efficiency of the panels are high temperature and humidity, and
excessive dust. To reduce power losses caused by dust accumulation on solar panel surfaces,
it have been implemented several state-of-the-art image classification models based on
deep learning networks have been implemented.



Appl. Sci. 2025, 15, 13285 59 of 93

The image dataset used to train and test these deep learning models allows the analysis
of their performance in detection and classification (see Figure 17). In the detection of
clean/unclean PV modules, three different tasks can be identified: detection, classification,
and a combination of both. In the reviewed works, various CNN models are used to perform
these tasks, including models that execute only detection (e.g., R-CNN), only classification
(e.g., SqueezeNet), and models that handle both tasks simultaneously (e.g., YOLO). One
of the main architectural differences between detection models and classification models
lies in the design of the network head, which determines the structure and purpose of
the output.

Figure 17. Deep-learning models for detection of dust in PV models.

To enhance data quality and subsequently improve model performance, data augmen-
tation techniques are frequently employed in both detection and classification tasks. Alatwi
et al. [179] uses several state-of-the-art deep learning-based models for feature extraction
as the input to feed into a SVM image classifier for dusty solar panel detection. Among the
tested deep learning-based models, it was obtained the maximum classification of 86.79%
when the images were encoded with the pre-trained model of DenseNet169 and then used
these encodings with a linear SVM for image classification.

A computer vision-based approach to detect soil and dust on PV surfaces was pro-
posed by [180]. After PV detection, the proposed approach extracts several features and
feeds into a classifier to perform the classification. Although the obtained results show
high recognition rates the tested images include only PV panels of the same type and
size containing dust and soil. The amount and characteristics of depositions determine
the cost and the frequency of the cleaning process. Hanafy et al. [181] proposes a ma-
chine learning approach to determine the amount of dust in PV modules using terrestrial
and aerial images. In countries with snowy climates face negative effects in electricity
generation of a photovoltaic cell it is crucial to detect and remove the snow layer on the
solar panels. A deep learning-based approach for detecting snowy conditions on solar
panels was presented in [182]. A method for detecting and monitoring sand deposition
(wind-blown dust) on photovoltaic (PV) panels in arid environments using multitemporal
remote sensing data was described in [183]. The research focuses on the Bhadla Solar
Park in Rajasthan, India, a region frequently impacted by sandstorms from westerly and
north-westerly winds. The proposed method highlights the effectiveness of the application
in cost-effective and near-real-time monitoring of PV soiling. These types of methods allow
solar operators to develop proactive cleaning and maintenance strategies, improving PV
performance in desert environments. Efficiency loss in photovoltaic (PV) panels, partic-
ularly in power stations exposed to varied soil types and high winds, has highlighted
the need for automated condition monitoring systems. In [184], three semantic segmen-
tation approaches were evaluated to detect and assess PV panel soiling or degradation.
Results showed that supervised ML models offered the best trade-off between accuracy,
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speed, and resource efficiency. In contrast, deep learning models excelled in handling non-
standardized or low-quality image inputs, offering greater robustness in less controlled
environments. Solar power plants in desert and arid regions face harsh environmental
conditions, particularly dust accumulation and limited rainfall, which significantly reduce
the efficiency of photovoltaic (PV) panels. Once dust levels exceed a certain threshold,
cleaning becomes essential to restore performance. In the study presented in [185], the
authors propose a novel low-cost image processing-based system that quantifies dust accu-
mulation on the surface of PV panels and estimates the resulting power loss due to soiling.
This approach offers a precise solution for monitoring soiling and optimizing maintenance
in PV installations. Environmental factors such as solar irradiance, module temperature,
dust accumulation, and shading critically influence the energy output of photovoltaic (PV)
power plants, with soiling levels highly dependent on installation location. The impact
of dust density on PV efficiency using controlled laboratory conditions with an artificial
light source was proposed by [186]. Power outputs were measured for three levels of dust
accumulation, and corresponding images of PV modules were captured. The proposed
method demonstrates the effectiveness of image-based analysis for automated assessment
of soiling effects on PV performance. (Onim et al., 2023) developed a new image dataset of
clean and dust-covered solar panels and used it to evaluate current state-of-the-art clas-
sification algorithms for detecting dust on PV panels [187]. In future research the dataset
can be extended for multiclass classification. A method for automatically detecting and
classifying contaminated photovoltaic (PV) panels using RGB images captured by UAVs
is described in [188]. It focuses on water-based photovoltaic installations, which are a
growing renewable energy sector that does not occupy land resources but lacks effective
monitoring systems. The obtained results demonstrate the model’s effectiveness in visual
localization and classification of soiled PV panels offering a practical solution for improving
the operation and maintenance of floating PV systems. Evaluating dust accumulation on
photovoltaic (PV) panels is crucial for planning cleaning schedules and ensuring reliable
grid integration. A novel image enhancement algorithm based on similarity minimization
to obtain the transmittance was proposed in [189]. By minimizing pixel differences between
these images, a mathematical relationship is established between model coefficients and
dust levels. An experimental setup was used to collect RGB images of PV panels under
varying dust conditions. Results show that the methodology is suitable for automated PV
maintenance systems providing a practical tool for smart cleaning operations. A critical
issue that disrupts thermal balance across photovoltaic panels and significantly reduces
both power output and lifespan is the uneven dust accumulation on their surfaces. In [190]
a method is proposed to estimate regional dust concentration offering a reliable and pre-
cise solution for detecting non-uniform dust accumulation as well as supporting smarter
maintenance and operation of PV systems.

Energy loss from partial or full snow coverage on photovoltaic (PV) panels signifi-
cantly reduces renewable energy efficiency in cold climates. The efficiency reduction in
solar photovoltaic systems impacts in its economic viability. A new method using image
processing and deep learning to quantify snow’s impact on installed PV panels is presented
in [191]. This approach highlights how deep learning and remote imaging can effectively
monitor snow coverage on PV panels to improve energy production in cold regions. De-
spite existing methods for detecting snow accumulation on the surface of photovoltaic
panels, real-time detection and precise quantification of energy loss remain areas for further
exploration. The detection of snow cover on photovoltaic panels using a deep learning
model was proposed by [192]. This model allows maximizing solar energy conversion by
obtaining a prediction of energy losses on solar panels close to real-world data, with an
error of less than 5% in predicting snow cover. A lightweight deep learning model for PV
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panel fault detection was presented by [193]. It uses a Vanilla SqueezeNet model that can
generalize effectively from limited samples of labeled classes. With its few parameters and
reduced model size, the SqueezeNet model can be stored directly on an embedded device
for real-time applications.

Several studies have investigated snow detection using fixed-camera setups, which are
limited by their stationary viewpoints and lack of scalability. To address these constraints,
Saleem et al. [194] proposed an automated deep learning approach that utilizes drone
imagery to detect and quantify snow coverage on solar panels. The proposed approach
improves power forecasting and supports more effective snow removal strategies under
winter conditions. It estimates snow coverage percentages to inform snow management
decisions, reduce downtime, and maximize power generation. By reliably detecting snow-
covered solar panels, the method enables more efficient use of heating-based snow removal
techniques, restoring photovoltaic systems to normal operation more quickly. Qualita-
tive and quantitative analyses are conducted to highlight the framework’s strengths and
weaknesses across different environmental conditions.

The detection and classification performance model analysis for snow-covered solar
panel images, called BIDA-CNN, is described in [195]. The detection analysis is based
on three backbones to detect the three categories of solar panels (all_snow, no_snow,
and partial) and in the classification analysis it is used five deep learning models are
trained, validated, and tested under different conditions. The accuracy results of the model
outperformed other models also evaluated in this study.

The authors in [196] propose a system to help operators decide the optimal timing for
cleaning photovoltaic modules. An Unmanned Aerial Vehicle (UAV) captures RGB images
of the PV panels and those images are fed into specialized computer vision techniques
to calculate the soiling rate on the modules. An autonomous soiling detection model for
inspecting solar photovoltaic (PV) panels using aerial RGB images acquired by an UAV was
presented by [197]. The proposed approach, named SDS-YOLO, focuses on the detection of
small bird droppings and dust, which constitutes a challenging task because these types
of dirt are often small in size and do not exhibit specific color characteristics. This task is
critical due to the difficulty in cleaning bird droppings from solar panels through natural
processes like rain, as well as the formation of hot spots—factors that affect photovoltaic
energy production. The efficiency reduction in photovoltaic energy production can also be
caused by decrease in the PV modules’ efficiency due to failures or malfunctions operating
conditions. The use of a convolutional neural network to classify anomaly conditions (cell
breakage, delamination, dust, dirt and bird droppings) using thermographic images was
proposed by [198]. The proposed approach shows an accuracy of 98% and a maximum
execution time of 2 min. Depending on the model configuration.

In utility-scale photovoltaic installations, physical fault detection at the module level
predominantly employs infrared thermography and electroluminescence imaging. How-
ever, these modalities can hinder precise attribution of the fault’s origin within the broader
plant context. Espinosa et al. [199] presents a convolutional neural network that uses
RGB images for semantic segmentation and classification to detect physical faults in PV
plants. Some of the identified faults include breakages, shadows, and dust that cannot be
easily detected.

Among the various methods, vision-based inspection has gained prominence due to
the continuous advancements in camera technologies, graphics processing unit architec-
tures, artificial intelligence and computer vision algorithms. Table 11 shows the methods
used in dust and snow PV panel detection, the characteristics of the images used, as well as
the accuracy results in their detection.
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Table 11. Methodologies used in dust and snow detection and classification for solar panels.

Year and Reference Target Fault Image Type Method Overall Acc. Algorithm Type

Abuqaaud et al.,
2020 [180] Dust and soil 100 RGB Images

Soil and dust detection on PV is based on feature extraction
using Gray Level Co-occurrence Matrix (GLCM).

Classification performed using a linear combination of the
image contrast and image homogeneity.

average recognition
rate is 82% linear classifier

Hanafy et al.,
2019 [181] Dust 5551 RGB images

Automatic background removal with the extraction of
textural and statistical features. Images are classified to

detect the level of cleanliness.
95.02 ± 0.9% (SVM)

K-Nearest Neighbor, Neural
Networks, Random Forest,

Support Vector Machine

Supe et al., 2020 [183] Wind-blow dust 44 satellite images
Satellite data with processing on Google Earth Engine used

in real-time monitoring the soiling phenomenon on PV
panels.

89.60% Dry Bare Sand Index +
threshold

Tribak and Zaz,
2019 [185] Dust RGB images

Quantification of dust particle concentration based on
image processing techniques. Image entropy and a small
telltale image to obtain the power produced by PV panel.

- Image entropy

Unluturk et al.,
2019 [186] Dust RGB images

Compare three different densities of dust accumulation on
the module surface. Features based on Gray Level
Co-occurrence Matrix for different levels of dust

accumulation.

96.86% Artificial Neural Networks
(ANN)

Onim et al., 2023 [187] Dust 2231 RGB images
(227 × 227)

SolNet model for the detection of solar panel dust
accumulation. Results validate its efficiency and show a
higher accuracy level than state-of-the-art classification

algorithms.

98.20% SolNet, AlexNet, ResNet50,
InceptionV3, VGG-19

Fan et al., 2022 [189] Dust RGB images Determines the dust concentration on the PV panels.
Relationship between

transmittance and the RGB
image components

Fan et al., 2022 [190] Dust

RGB images
(1216 × 1824),
(1824 × 2736),
(1440 × 1080)

A DRNN model to obtain the regional dust concentration.
An image transformation and correction, removal of the

silver grid, nonlinear interpolation, equivalent
segmentation and clustering are designed to classify the

dust accumulation.

- Deep residual neural network
(DRNN)

Alatwi et al.,
2024 [179] Dust 1068 images

Pre-trained deep learning-based models extract features
from PV panel images that feed into SVM classifier to

detect dust in PV modules.
86.79% SVM
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Table 11. Cont.

Year and Reference Target Fault Image Type Method Overall Acc. Algorithm Type

Cipriani et al.,
2020 [198] Dust and hotspot 600 IR images, 80%

training and 20% test

Pre-processing phase based on grayscaling, thresholding
and box blur Sobel-Feldman filters. The augmentation

phase allows high accuracy in the classification.
98% CNN

Espinosa et al.,
2020 [199]

Dust, Breakages
and Shadows

345 RGB images
(200 × 200), 42% training

and 58% testing

Convolutional neural networks used in semantic
segmentation to extract the panel objects and to multi-class

fault classification.
70% CNN

Naeem et al.,
2025 [197]

Dust and
bird-drop

300 RGB images, 70%
training, 15% validation,

15% test

Custom model which features Convolutional Block
Attention Module and two dedicated detection heads

optimized for dust and bird drop detection.
76% mAP50 YOLOv5

(SDS-YOLOv5)

Ozturk et al.,
2021 [182] Snow 395 RGB images

Deep learning-based approach that can be used on drones
for detecting snowy conditions on solar panels.

Augmented dataset using rotation, Gaussian distortion,
color and brightness manipulation.

100% (InceptionV3) ResNet50, InceptionV3 and
VGG-19

Zhang and Araji,
2023 [191] Snow 44 RGB images (from

471 × 308 to 4256 × 2832)

Impact of snow on PV panels using Direct Selection and
Perspective Transformation methods. Deviation from 0.1%
to 7.35% of one panel area and energy production average

of 0.0368 kWh/panel (DS) and 0.0395 kWh/panel (PT).

- CNN, Levenberg–Marquardt
Backpropagation (LMB)

Araji et al., 2024 [192] Snow RGB images (from
512 × 512 to 3024 × 4032)

Maximizing solar energy conversion achieving 44%
improvement over conventional computer vision methods.
Effectiveness of CNN-based models in early detection for

improving the management and maintenance of PV
systems.

Dice coeficiente U-Net model

Tito G. Amaral et al.
2025 [193]

Dust, Snow, bird
drop and
Breakages

869 RGB images, 70%
training, 15% validation

and 15% testing

Fault detection of PV panels using a lightweight deep
learning model. A multi-class fault classification is

performed achieving high accuracy in the classification.
84% SqueezeNet

Saleem et al.,
2025 [194] Snow

248 RGB images, 70%
training, 10% validation

and 20% test

Detect and quantify snow coverage on solar panels using
two YOLO based models. One model for strategic decision

making but computationally expensive and the other
model efficient for real-time monitoring but sensitive to

lighting variations.

Precision, recall and
F1-score YOLO-based model

Al-Dulaimi et al.,
2023 [195] Snow

395 RGB images, 60%
training, 20% validation

and 20% test

Detection and classification performance analyses for
snow-covered solar panel images. RCNN used to detect the
solar panels and classification is performed using five deep
learning models. All DL models achieved a high accuracy.

100% (all models) VGG16, VGG19, ResNet-18,
ResNet-50, ResNet-101
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Table 12 lists the links to the public datasets used in dust and snow detection, facilitat-
ing benchmarking and future research. Furthermore, some databases that were previously
referenced as unavailable are, in fact, based on public sources.

Table 12. Databases used for each work in dust and snow detection and classification for solar panels
(all website links accessed on 18 November 2025).

Year and Reference Public
Database Source Database

Abuqaaud et al.,
2020 [180] No Not available by the authors for benchmarking and further research

Hanafy et al.,
2019 [181] Yes Kaggle—Solar PV Cleanliness

https://www.kaggle.com/datasets/walidhanafy/solar-pv-cleanliness/data

Supe et al., 2020 [183] Yes Landsat 8, Sentinel-2, PlanetScope
https://earthengine.google.com/

Tribak and Zaz,
2019 [185] No Not available by the authors for benchmarking and further research

Unluturk et al.,
2019 [186] No Not available by the authors for benchmarking and further research

Onim et al., 2023 [187] Yes https://github.com/Onimee58/SolNET?tab=readme-ov-file

Fan et al., 2022 [189] No Not available by the authors for benchmarking and further research

Fan et al., 2022 [190] No Not available by the authors for benchmarking and further research

Alatwi et al., 2024 [179] Yes Kaggle—Solar Panel dust detection
https://www.kaggle.com/datasets/hemanthsai7/solar-panel-dust-detection

Cipriani et al.,
2020 [198] No Not available by the authors for benchmarking and further research

Espinosa et al.,
2020 [199] Yes Zenodo

https://zenodo.org/records/5171712

Naeem et al.,
2025 [197] Yes The Soiling on PV Panels Dataset

https://www.ia-cobotics.com/research-projects/ai-driven-sola-panel-inspection

Ozturk et al.,
2021 [182] Yes Detecting Snow-Covered Solar Panels Dataset

https://borealisdata.ca/dataset.xhtml?persistentId=doi:10.5683/SP2/ITQPHZ

Zang et al., 2023 [191] No Not available by the authors for benchmarking and further research

Araji et al., 2024 [192] Yes

Kaggle—Solar Panel Images Clean and Faulty Images
https://www.kaggle.com/datasets/pythonafroz/solar-panel-images/code

Kaggle—Solar Photovoltaics Panel for Dust Detection
https://www.kaggle.com/datasets/safwanshamsir99/solar-photovoltaics-panell-
for-dust-dectection

Tito G. Amaral et al.,
2025 [193] Yes Kaggle—Solar Panel Images Clean and Faulty Images

https://www.kaggle.com/datasets/pythonafroz/solar-panel-images/

Saleem et al.,
2025 [194] Yes Solar Snow Dataset

https://github.com/RSSL-MTU/RSSL-MTU-Solar-Panel-Snow-Coverage

Al-Dulaimi et al.,
2023 [195] No Not available by the authors for benchmarking and further research

Since 2020, there has been an increased adoption of deep learning models in place
of machine learning models, which require significant domain expertise and are a time-
consuming process (Table 11). The studies presented in Table 12 employ different datasets
that are not always fully characterized. Crucially, essential factors that influence model
performance—such as image size, the percentage split for training and testing, and the
used data augmentation techniques are often incompletely described. This collective lack
of detail prevents a direct comparison of the overall accuracy obtained by each type of

https://www.kaggle.com/datasets/walidhanafy/solar-pv-cleanliness/data
https://earthengine.google.com/
https://github.com/Onimee58/SolNET?tab=readme-ov-file
https://www.kaggle.com/datasets/hemanthsai7/solar-panel-dust-detection
https://zenodo.org/records/5171712
https://www.ia-cobotics.com/research-projects/ai-driven-sola-panel-inspection
https://borealisdata.ca/dataset.xhtml?persistentId=doi:10.5683/SP2/ITQPHZ
https://www.kaggle.com/datasets/pythonafroz/solar-panel-images/code
https://www.kaggle.com/datasets/safwanshamsir99/solar-photovoltaics-panell-for-dust-dectection
https://www.kaggle.com/datasets/safwanshamsir99/solar-photovoltaics-panell-for-dust-dectection
https://www.kaggle.com/datasets/pythonafroz/solar-panel-images/
https://github.com/RSSL-MTU/RSSL-MTU-Solar-Panel-Snow-Coverage
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algorithm for detecting dust and snow in solar panels. Another factor that makes it difficult
to directly compare the performance of the methodologies implemented in the studies
described in Table 11 is the variation in metrics used, such as accuracy, precision, recall,
F1-Score, Dice coefficient, mean AP, and average recognition rate.

The work carried out reveals a future need for a faster, more robust, and more accurate
deep learning model for use in real-time scenarios. Furthermore, the study highlights the
necessity of a significantly larger dataset to ensure the model’s broad applicability across
diverse solar systems. This dataset should include:

- A greater variety of classes (e.g., broken panels, inhomogeneous dust particles, and
wet panels);

- Additional factors such as environmental variables, particle size, and distribution
uniformity;

- Images captured under various lighting conditions and featuring photovoltaic panels
of different sizes and orientations.

4.5. Advanced Computer Vision Techniques: Fault Detection and Classification of PV Modules

PV modules endure diverse environmental pressures and challenging conditions
throughout their lifetime, which can impact their consistent and enduring operation. Thus,
considering these environmental factors and conditions that PV modules and cells are
exposed to, it is vital to employ precise measurement and regular monitoring methods
to maintain their efficiency and durability. Given the increasing adoption of photovoltaic
(PV) technology and the installation of large-scale PV systems globally, the automation
of PV monitoring methods has become crucial. Manual or visual monitoring approaches
have limited applicability and are suitable only for small-scale operations. Furthermore,
visual inspection is a laborious, time-intensive, and costly endeavor. Additionally, visual
inspection is prone to human error and requires specialized expertise to analyze and
interpret the module images. In light of these limitations, automatic monitoring and remote
inspection methods have garnered substantial interest from researchers in recent years.

The faults that could occur in PV modules can be divided into three main groups:
physical faults, environmental faults and electrical faults [200].

A Python-based web application for real time data processing and classification of
different type faults was developed by [201]. It is a tool that incorporates several CNN
architectures for testing the detection and classification of faults in PV panels. Pre-trained
models such as ResNet50, VGG16 and InceptionV3 were used with specific dataset con-
taining RGB images, infrared images and Electroluminescence Imaging in performing
feature extraction and classification. The developed tool permits to the operators and
technicians the continuous monitoring of the system and quick and accurate feedback to
aid in photovoltaic system maintenance.

The following subsection will address the works that addressed the detection of these
faults through artificial vision.

4.5.1. Physical Faults

The physical faults that occur in photovoltaic (PV) arrays are typically caused by either
mechanical stress or the inherent properties of the materials used in their manufacturing.
The various types of failures and faults that can occur in PV modules are due to both
internal and external factors, such as:

• Failure in the encapsulation

Encapsulation failure typically involves delamination and/or discoloration due to
factors such as harsh environmental conditions, contamination, salt accumulation, moisture
penetration, and other causes. In the case of the discoloration, it will reduce the optical
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transmission, leading to a decline in module performance. According to [202], encap-
sulant discoloration is the most commonly observed failure mode in older PV modules.
Encapsulant delamination can lead to the appearance of corrosion in PV modules.

Unmanned aerial vehicles to capture images of photovoltaic modules with delamina-
tion, burn marks, glass breakage, discoloration, and snail trails fault types was presented
by [203]. Each fault condition contains a unique image pattern that is extracted using
AlexNet convolutional neural networks and classified with the help of decision tree al-
gorithms. The classification is carried out with several decision tree algorithms and the
obtained accuracies are compared to suggest the best-in-class algorithm for real-time ap-
plication. Among all the available tree-based algorithms, the random forest algorithm
produced a maximum classification accuracy of 98.25% with a computational time of 0.89 s.
An approach using two voting-based ensemble models combining support vector machines
and k-nearest neighbor were developed by [204] for classifying the same fault types. Results
show that the proposed approach achieved an accuracy of 98.30% reducing inspection costs
and instrument monitoring efforts contributing to the sustainable and efficient operation of
PV systems.

• Degradation fault

The degradation can occur in the crystalline silicon modules or by the physical reaction
as a result of the p-n junction of a PV cell. The first type of degradation is called potential-
induced degradation and is caused by stray currents in most ungrounded PV systems. The
other degradation type, called light-induced power degradation, shows a loss in silicon
solar cell efficiency resulting from a reduction in the short-circuit current and open-circuit
voltage of the solar cell [205]. To maximize power output and maintain the long-term
reliability of PV modules, faults must be diagnosed at an early stage. A solar module fault
detection using infrared thermography and a fuzzy logic classifier was proposed by [206].
The fuzzy rule base was defined by the knowledge of several faults in the form of hot-spot
formation on PV modules and the input features used in the If-Then fuzzy rules are the
matching score and the panel temperature. The proposed fault detection algorithm allows
the technical department to plan required actions and facilitates the improvement of the
system’s overall reliability.

• Cell cracks

Any defect arising during the manufacturing or packaging stages can adversely affect
the power output of photovoltaic (PV) cells. Excessive mechanical stress applied during
packaging or transportation may induce cracks within the cell structure [205]. As PV cells
undergo aging, the probability of crack occurrence correspondingly increases. Such cracks
may develop either within the silicon substrate of the PV module or across various layers
of its lamination. Micro-cracks, which are imperceptible to the naked eye, can be effectively
identified through the Electroluminescence (EL) technique. EL imaging facilitates the visu-
alization of local irregularities and structural non-uniformities within each cell, providing
superior spatial resolution for micro-crack detection relative to alternative methods such as
lock-in thermography [207]. Recent studies have explored advanced convolutional neural
network (CNN) architectures for the classification of micro-cracks in EL images of PV
modules [208]. Pretrained models, including VGG-16, VGG-19, Inception-v3, Inception-
ResNet50-v2, ResNet50-v2, and Xception, were independently evaluated and subsequently
integrated using an ensemble learning framework. The ensemble approach demonstrated
enhanced micro-crack classification performance, achieving detection accuracies of 96.97%
and 97.06% for monocrystalline and polycrystalline solar panels, respectively. The ac-
quisition of high-quality data, particularly in the form of EL images of PV cells, poses a
significant challenge due to the scarcity of open-source datasets. This limitation constrains
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the advancement of automated quality inspection systems within the domain of PV module
evaluation. Although conventional data augmentation techniques have been employed to
simulate production-related variability, their effectiveness remains limited in generating
datasets that enable robust and generalized learning. To mitigate the challenge of data
insufficiency, the filter-induced augmentations (FIA) method was introduced by [209] to
synthetically produce representative samples of PV cell surfaces. A custom lightweight
CNN architecture named PV-CrackNet using EL-based PV samples was developed for
micro-crack detection. Results show a higher validation accuracy of 97.42% in the micro-
crack detection using the FIA technique when compared with the 96.1% achieved using
generic augmentation transformations.

• Corrosion

The UV is considered one of the main causes of encapsulant ethylene-vinyl acetate
(EVA) discolouration responsible for the emergence of corrosion. Although advanced en-
capsulating materials with superior protection features against environmental stress factors
exist, EVA is still used in more than 75% of all PV modules due to its cost-effectiveness [14].
The released acetic acid is characteristically found responsible for the corrosion of con-
tacts that frequently occurs after the initiation of discolouration failure. The corrosion
attacks the metallic connections of the PV cells, causing a leakage current and performance
degradation [205].

• Snail trails

One of the primary factors contributing to the degradation of solar module perfor-
mance is physical damage, which may occur during manufacturing or installation processes.
A common manifestation of such damage includes the formation of fractures and snail trails
on the surface of photovoltaic (PV) modules [210]. Snail trail defects are typically visible
to the naked eye and are most often associated with the presence of microcracks within
the solar cells [211]. Snail trails refer to the discoloration of the silver fingers on solar cells,
resulting from the formation of silver carbonate nanoparticles (Ag2CO3) produced through
the reaction between silver, carbon dioxide, and moisture. Because these gases can readily
penetrate through micro-cracks, snail trails predominantly occur in proximity to cell cracks
and along cell edges [200]. A method for detecting snail trail defects in photovoltaic (PV)
module images based on the YOLOv3 architecture was proposed by [212]. The architecture
employed a single Convolutional Neural Network (CNN) designed for object classification
and rapid detection through the use of bounding boxes. The model achieved a detection
accuracy of 99.7% in identifying snail trail defects on the surface of solar panels. Venkatesh
et al. developed a fault identification framework for photovoltaic (PV) modules utilizing
key features extracted from aerial imagery [213]. In this approach, feature extraction was
performed using a pretrained AlexNet model [214], while feature selection was conducted
through the J48 decision tree algorithm. The selected features were subsequently classified
into six categories—intact panel, discoloration, burn marks, delamination, snail trail, and
glass breakage—using a Bayesian Network (Bayes Net) classifier. The system attained an
overall classification accuracy of 96.83% with a model-building time of 0.26 s, underscoring
its efficiency and reliability in identifying faults within PV modules.

4.5.2. Environmental Faults

There exist many environmental causes for PV failures where it can be found, among
others, the weather, shading conditions, temperature, dust, rust and snow.

• Hot spots

The shading may occur if PV panels are shaded by a solid material, e.g., buildings,
snow, or dust or it can be caused by smog in the air. Both affect PV module performance, the
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first one result in a voltage decrease and the second one affects the current. During partial
shading, the shaded cells act as power dissipaters rather than power sources, increasing
cell temperature, potentially leading to hot spots. Hot spot faults create regions having
relatively higher temperatures and different IV characteristics when compared with the
overall PV panel.

There exist several approaches in the detection of hot spots in PV panels using ma-
chine learning and deep learning algorithms that use IR images. Some approaches use
segmentation algorithms to detect hot spots and other methodologies use detection and
classification algorithms for single and multiple hot spot faults (see Figure 18).

     

(a)  (b)  (c) 

     
(d)  (e)  (f) 

Figure 18. Methodologies used in hot spot analysis: (a–d) Semantic segmentation; (b–e) Boundary
detection; (c–f) Detection and classification.

Several CNN models have been described in research papers applied in hot spot
detection and classification based on computer vision. One of the most widely used CNN
models is the RCNN model, along with its more optimized versions, the Fast R-CNN model
and the Faster R-CNN model. The Fast R-CNN model optimizes the R-CNN model where
the input image passes through the CNN only once, making it faster. The Faster R-CNN
model has an external algorithm that is faster than previous models for generating regional
proposals. Several Yolo models are also used in hot spot detection and classification based
on computer vision. The architectural difference between YOLO and R-CNN models lies
in their object detection approach, which directly impacts speed and accuracy. The YOLO
model uses a one-stage approach, allowing for faster inference speeds but often resulting
in less precision in locating small regions. Conversely, R-CNN uses a two-stage approach,
which is more precise and robust in locating objects, but is inherently slower.

Unmanned aerial vehicles (UAVs) equipped with infrared cameras are increasingly
used to capture thermal images and detect hotspots in photovoltaic (PV) modules. These
systems typically rely on infrared thermography, a widely accepted, non-destructive tech-
nique that enables contactless, real-time inspection. In study [215], a machine learning
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approach is applied to automatically detect, evaluate, and categorize hotspots from UAV-
acquired thermal images. The approach demonstrates its effectiveness and potential for
large-scale PV monitoring. A non-invasive method for detecting and quantifying localized
heating, or hotspots, in photovoltaic (PV) modules was presented in [216]. Using an in-
frared camera, thermal images of operating PV modules are acquired and analyzed with a
Hotspot Detection algorithm. The algorithm also quantifies each hotspot by calculating its
average temperature and relative area, providing a comprehensive assessment of thermal
anomalies. The solution described in [217] introduces an intelligent UAV-based inspection
method for detecting hotspots in large-scale photovoltaic (PV) plants. The approach ex-
tracts individual module infrared (IR) images from a larger IR image using line detection.
A CNN-based model is employed to detect and classify hotspots within the extracted
module images.

A modified U-Net architecture is employed by [218] for segmenting infrared images
to detect bright spots as an indication of hotspots within photovoltaic modules. These
bright regions are identified in the HSV color space and mapped back to their original
image locations. A comprehensive photovoltaic plant maintenance and inspection system
is proposed by [219], utilizing a UAV equipped with both thermal and RGB cameras. The
infrared (IR) images are used to detect thermal defects such as hotspots, while the RGB
images identify surface-level issues. The two image types are cross-validated to accurately
diagnose the root causes of module defects. Another method that uses an RGB camera and
a thermal camera to automatically identify anomalies in solar panels and determine their
root causes using drone-based imagery is described in [220]. The author’s focus is mainly
on the detection of anomalies using thermal imagery but also addresses the root cause of
the anomaly.

An approach is presented in [221] proposing a method for detecting and classifying
faults on PV modules, through aerial Infrared Thermography (IRT) images, combining
Digital Image Processing (DIP) and Convolutional Neural Networks (CNNs) algorithms.
The developed neural network algorithm can detect faults on the IRT images and classify
them in three categories: disconnected substrings, hot spots, and disconnected strings.
Another solution for automatic detection and analysis of photovoltaic modules in aerial
infrared images was proposed by [222]. Each individual photovoltaic module is located in
a low-resolution infrared image features are extracted. Those features are tested for outliers
using statistical tests to identify the hotspots and hot areas. A similar method was described
in [223] presenting an automatic fault detection system for photovoltaic modules based
on CNN classifier that accurately identifies hotspot faults using thermographic images
The system classifies faults based on the presence of hotspots. Ren et al. [224] proposes an
improved SSD algorithm for PV hotspot detection. Using the network for feature extraction
reduces the number of parameters in the structure and achieve the purpose of speeding
up the network. The obtained results show that the proposed algorithm can detect the hot
spots of PV array with good confidence, low detection rate and good robustness.

Ramírez et al. [225] introduces an image analysis approach using two sequential CNNs
integrated into an Internet of Things (IoT) platform for hotspot detection and identification
in photovoltaic panels. This method achieves a high accuracy for panel detection and
hotspot identification, while significantly reducing false positives.

A novel method for automatic segmentation and analysis of hotspots and snail trails
on photovoltaic panels is described in [226]. This method combines unsupervised sensing
algorithms with 3D Augmented Reality to provide enhanced visualization. By integrating
drone technology, this methodology aims to transform PV maintenance by enabling real-
time, automatic detection of solar panels and faults, improving efficiency and accuracy.
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A hotspot detection model is proposed that balances detection accuracy with improved
speed [227]. The study provides a detailed comparison of the model’s accuracy, detection
speed, and parameter size. Another research focused on finding the soiling hotspot in solar
panels with help of Principal Components Thermal Analysis (PCTA) obtained by thermal
image processing, is presented in [228].

In [229], a machine learning approach based on feature extraction and an SVM model
is proposed for detecting and classifying hotspots in photovoltaic (PV) panels using in-
frared thermography. The features are based on RGB color space, texture, Histogram of
Oriented Gradients (HOG), and Local Binary Patterns (LBP). The SVM model classifies
thermal images of PV panels into three categories: healthy, non-faulty hotspot, and faulty.
Experimental results show that the proposed approach requires less computational power
and storage than alternative machine learning methods. Using also infrared thermography
images of PV modules and analyzing the I-V characteristics to indicate the hotspots and
to find the relation between hotspot and the defective area was an approach proposed
by [230]. A modified real-time object detection framework based on the YOLO network was
employed to analyze and detect defects in PV modules. The experimental results highlight
the critical role of dataset diversity in enhancing the accuracy of hotspot detection.

A portable, ground-based system for the detection and classification of hotspots asso-
ciated with PV module failures, utilizing both RGB and infrared imaging, was proposed
in [231]. This system integrates three-dimensional thermal information of the panel struc-
ture to achieve precise hotspot identification. An important advantage of the approach lies
in its capability to differentiate genuine hotspots from false detections caused by reflections
from people, equipment, or external radiation sources.

In a related study [232], the application of standard thermal image processing tech-
niques combined with the Canny edge detection operator was employed to identify module-
related faults responsible for hotspot formation. The proposed method demonstrated
promising performance by successfully detecting hotspots and associating them with
specific defective cells within each inspected module.

With the continued expansion and increasing complexity of photovoltaic power plants,
the need for advanced and reliable condition monitoring systems has become imperative
to ensure system stability and efficiency. Addressing this need, Huerta Herraiz et al. [233]
presented a hotspot detection method for PV panels that utilizes a thermographic camera
integrated into an UAV, thereby enabling efficient and comprehensive inspection of large-
scale PV installations. It combines thermography and telemetry data to detect and locate hot
spots providing a response of the panel condition monitoring. The method uses two unified
region-based convolutional neural networks to automatically process the data allowing
fault detection during the inspection. The accuracy, the efficiency and the performance of
the approach under different real scenarios are evaluated statistically obtaining satisfactory
results. Liu et al. [234] proposes an enhanced U-Net with Visual Geometry Group-19
(VGG19) and squeeze-and-excitation block to achieve accurate hot spot identification at
the granularity level of pixels and the correspondent location. The thermal infrared image
of the PV module is pre-processed by the Gaussian blur and image sharpening method
to improve the quality of the hot spot image. The U-Net architecture is used to extract
feature information of PV module hot spot images, and the squeeze-and-excitation block
is used for extracting global features. Although numerous studies have concentrated on
image classification, one approach employs a drone fitted with a thermal infrared sensor
to assess PV cell degradation via deep convolutional neural networks [235]. The resulting
performance metrics—precision, recall, and F1-score—demonstrate the effectiveness and
suitability of the proposed method.
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One of the paramount challenges in the photovoltaic domain is the development of
robust inspection methodologies for fault detection in PV modules. A method that identifies
hotspots in infrared images of PV modules by employing the Hough line transform to
delineate PV regions and the Canny edge detector for hotspot identification was presented
by [236]. To counteract interference from reflective areas, precise hotspot localization is
attained through a trained Faster R-CNN model.

The identification of overheating in PV modules through thermographic non-
destructive testing is crucial for ensuring the proper operation of PV systems without
disrupting their normal functionality. A system for the automatic classification of faults
using a CNN and thermographic images of varying quality, acquired with different equip-
ment, was presented by [237]. The dataset comprised images captured by both UAVs
and ground-based operators. To enhance image quality, several pre-processing techniques
were assessed to mitigate noise and improve feature clarity. The proposed system enables
rapid detection of failures in PV panels with high accuracy, providing an effective solution
for remote fault detection and offering adaptability for use across various scientific and
industrial domains.

The detection of small hotspot defects in PV farms presents a significant challenge,
primarily due to the problem of feature vanishing as the network depth increases. To
overcome this challenge, a Residual Channelwise Attention Gate network is proposed to
achieve multiscale feature fusion, complex background suppression, and defect feature
highlighting [238]. Obtained results demonstrate the effectiveness of the proposed approach
in detecting small hotspot defects within PV farms.

Overheating in photovoltaic modules constitutes an anomalous condition encountered
during PV plant inspections. Although previous studies have employed thermographic
imaging to identify hotspots in PV modules, these approaches typically fail to automatically
classify specific hotspot types or precisely localize varied overheated regions within a
single thermography image. Moreover, the diminutive scale of certain overheated areas
leads many conventional methods to overlook them. To overcome this limitation, the
present study [239] proposes a deep learning-based framework. Experimental assessments
confirm that the proposed method surpasses benchmark techniques in both efficacy and
computational efficiency.

As shown in Table 8, the different approaches used for PV panel hotspot detection,
the characteristics of the images used, as well as the accuracy results in their detection are
visible. It is worth noting that higher detection values do not mean better performance
of the applied algorithms when compared to other methods because in many situations
different databases are used. None of the datasets used in the works described in Table 13
are publicly available from the authors for benchmarking and further research.

The studies presented in Table 13 employ diverse datasets that are often incompletely
characterized. This lack of descriptive detail extends to critical performance factors—such
as the percentage split for training and testing and the data augmentation techniques
utilized—which are not always fully reported. Crucially, many studies also fail to use a
unified metric to assess the performance of the proposed methodology. Collectively, these
factors prevent a direct comparison of the performance of different methodologies for
detecting hot spots in PV panels.
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Table 13. Methodologies used in hot spot detection and classification.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Niazi et al., 2019 [215] IR images (640 × 512)
Analysis of thermal images from UAV. Texture and Histogram
of Oriented Gradients features used for classification. nBayes

classifier shows potential for large-scale PV monitoring.
94.10% Naive Bayes

Salazar and Macabebe, 2016 [216] IR images (80 × 60)
Thermal images of PV modules are analyzed using Hotspot

Detection algorithm. k-means clustering segmentation groups
image data into distinct clusters isolating hotspot regions.

- K-means clustering

Nie et al., 2020 [217] 4000 IR images, 70% training, 20%
validation and 10% test

Noise removal and crop in the IR images make obvious defect
features. Module extraction through line segments detection

and hotspot detection using deep learning model.
95.00% CNN

Liu and Ji, 2023 [218] 450 IR images (512 × 512), 350 for
training, 100 for test

PV infrared image segmentation and location detection of hot
spots based on U-Net network and HSV color space. 92.50% Modified U-Net

Kuo et al., 2023 [219] IR images (640 × 512), RGB images
(8000 × 6000)

Image feature points detected using the Scale Invariant
Feature Transform (SIFT). Optimal number of feature points

calculated by homography transformation and random
sample consensus (RANSAC).

97.52% CNN

Vlaminck et al., 2022 [220] IR images (500 × 500)

Detection of anomalies in solar panels, using a region-based
CNN. Using a dataset containing nearly 9000 solar panels it

was achieved a recall of more than 90% for a false positive rate
of around 2% to 3%.

96.80% Faster R-CNN

de Oliveira et al., 2019 [221] IR images, 70% training, 10% validation
and 20% test

Combine Gaussian filter, Laplacian operator and
morphological operators for image analysis and CNNs

algorithm for fault classification.
- VGG16

Dotenco et al., 2016 [222] 37 IR images
Features used to detect and classify defects in PV modules are
the module medians, grid cell medians, histogram skewness

and vertical projections.
- Grubbs’ and Dixon’s

statistical outlier tests

Ramírez et al., 2024 [225] IR images (640 × 512, 640 × 534)
Detect hot spots with two phases in an IoT platform. panel

and hot spot detection. Different ANNS are proposed
regarding the requirements of the PV plant.

99% panel; 96%
hot spot

R-CNN, Fast and Faster
R-CNN, SSD
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Table 13. Cont.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Oulefki et al., 2024 [226] 277 IR images
Segmentation and analysis of hotspots and snail trails,

utilizing unsupervised sensing algorithms coupled with 3D
Augmented Reality for enhanced visualization.

- Region growing-based
segmentation

Zheng et al., 2022 [227] 5600 IR images (640 × 480; 336 × 256;
320 × 240)

Hot-spot fault detection S-YOLOv5 model where the feature
extraction is the Focus structure of ShuffleNetv2. The 3.71 M
parameters in the model, mAP was 98.1% and detection speed

was 49 f/s suitable for real-time.

- S-YOLOv5

Sriram and Sudhakar, 2023 [228] RGB images (7026 × 5268) and IR
images (180 × 120)

Soiling detection system based on Principal Components
Thermal Analysis. - Principal Components

Thermal Analysis

Ali et al., 2020 [229] 315 IR images (640 × 512)
SVM using IR images for hotspot detection and classification.

Feature vector with RGB, texture, Histogram of Oriented
Gradient (HOG) and Local Binary Pattern (LBP).

92% SVM

Menéndez et al., 2018 [231] RGB images (640 × 480) and IR images
(160 × 120)

Edge detector extracts the edges of tentative hot-spots from
raw binary images and Fuzzy C-Means algorithm merges all

measurements related to same hot-spot.
96.33% Frobenius distance

Bakir et al., 2023 [223] 1000 IR images

Classify hotspots in PV modules using thermographic images
and a CNN deep learning. Accuracy of 95.05% with a

computation time of 1 h:30 min achieved better performance
than the LSTM method.

95.05% CNN

Tsanakas et al., 2013 [232] IR images
ROI analysis, line profiles and histogram analysis provide

thermal signature and location of hot spots. Diagnosis of hot
spots is based on Canny edge detection.

- Canny edge detection

Huerta Herraiz et al., 2020 [233] 800 IR images (640 × 534)
Identify panels and detect hot spots and their locations using
IR images in UAV. Detection response of the panel condition

monitoring based on RCNN structure.
99.02% Fast R-CNN

Wei et al., 2019 [236] 110 images. 50% training and 50%
validation

Faster R-CNN and Transfer Learning. This technique presents
a high number of false detections. - Faster R-CNN

Mobin et al., 2020 [230] IR images (80 × 60) Module analysis using reduced images. The temperature of
the detected hot spots is analyzed and compared. 75% YOLO
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Table 13. Cont.

Year and Reference Image Type Method Overall Acc. Algorithm Type

Ren et al., 2020 [224] Visual images, no resolution data
Improvements for SSD network around 5% with a feature

extraction phase. This improved SSD is compared to YOLO
and basic SSD, showing high accuracy and speed.

85% Improved SSD

Pierdicca et al., 2018 [235] 3336 IR images (640 × 512)
Estimate PV cell degradations with DCNNs using a drone
equipped with a thermal infrared sensor. Results show the

effectiveness and suitability of the method.
- VGG16

Manno et al., 2021 [237] 1000 and 500 IR image datasets, no
resolution data

Classification of IR images using a CNN to detect a PV panel
fault. Noise reduction using normalization and

homogenization of pixels, grayscaling, thresholding, discrete
wavelet transform, and Sobel Feldman and box blur filtering.

99% CNN

Cipriani et al., 2020 [198] 600 IR images, 80% training and 20%
test

Pre-processing phase based on grayscaling, thresholding and
box blur Sobel-Feldman filters. The augmentation phase

allows high accuracy in the classification
98% CNN

Su et al., 2021 [238] 5060 IR images (640 × 512)

K-means algorithm calculates the most suitable anchors for
small hot spot defect detection. Novel RCAG module to
achieve multiscale feature fusion, complex background

suppression, and defect feature highlighting.

81.36% Average
Precision RCAG-Net

Liu et al., 2024 [234] 200 IR images (640 × 480). 80% training
and 20% test.

PV module image is processed by Gaussian blur and image
sharpening method to improve the quality of the hot spot
image. Semantic segmentation method is used to achieve
accurate identification at the granularity level of pixels.

98.37% SVU-Net

Su et al., 2021 [239] 1428 IR images (240 × 240)

Multiple large-scale images are transformed from IR images
with overheated regions to detect overheated region targets.
Regions of interest are extracted to bound potential regions

that may exist overheated regions.

98.7% Precision,
94.5% Recall

Deep Convolution
Neural Network

(DCNN)
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Research conducted on detecting hot spots in PV panels shows a growing use of
unmanned aerial vehicles (UAVs) equipped with infrared cameras for image acquisition.
These images are used as datasets in specific studies and are not publicly available. The
application of UAVs with infrared technology significantly improves the hot spot detection
efficiency while providing high economic benefits. The infrared imaging provides the
precise physical location of the defect, identifying it not only at the solar module or panel
level but also within the solar cell itself. However, the use of UAVs still presents limitations.
If the image is acquired at a high altitude, the image background becomes more complex,
and the hot spot defect appears too small. The infrared camera mounted in UAV should
be protected against the interference of the sun as well as from adjacent structures and
trees. For avoiding blurring the image attention should be paid to the relation between
the UAV speed and the time constant of the camera sensor. For a better field of view
for hot spot detection, the infrared camera should be perpendicular to the surface of the
photovoltaic module. In some situations, due to camera limitations, only a portion of the
solar PV module may be acquired, rather than the entire unit. Some conducted works, to
determine the spot with the highest temperature it is compute the relative percent area of
the potential hot spot based on the specified PV module area. The identified limitations
and necessary operational considerations make it difficult the hotspot detection to achieve
good performance in real-time applications.

4.5.3. Electrical Faults

Faults where alternating current (AC) or direct current (DC) is present are all classified
as electrical faults.

Bypass diode failure arises from mismatches in the current-voltage characteristics of
photovoltaic cells. These diodes mitigate power losses and performance degradation due to
module shading, thereby preventing reverse bias heating, hot spots, and potential module
destruction [205]. Xiao et al. highlighted that defective bypass diodes represent the primary
cause of power loss in solar modules, detailing failure mechanisms through analysis
of shunted diodes retrieved from rooftop installations [240]. Another study conducted
bypass diode failure analysis via color identification in thermal images was described
in [241]. The images were transformed into the HSV color space, followed by a filtering
process to separate panel images from background clutter. Threshold values were then
established by evaluating filter output vectors against each panel characteristic. The Faster
R-CNN Mask was employed for fault detection, with continuous faults across predefined
areas classified as bypass diode failures. This approach achieved a 96.9% accuracy in
predicting bypass diode malfunctions using thermal imagery. Mellit developed a classifier
for diagnosing partial shading, dust accumulation on PV module surfaces, short-circuited
modules, and bypass diode failures [242]. This deep convolutional neural network classifier
was optimized and deployed on a Raspberry Pi 4, enabling real-time notifications via SMS
or email to operators for informed decision-making. Experimental validation confirmed the
system’s real-time efficacy, attaining 95.55% diagnostic accuracy. Mellit noted that accuracy
could be enhanced by expanding the dataset size and improving infrared thermographic
image quality.

The identification of electrical faults in photovoltaic (PV) panels constitutes a domain
of application where there exists a scarcity of studies employing computer vision method-
ologies. The examination of bypass diode malfunctions through imaging techniques has
remained relatively underexplored to date. The limited investigations into bypass diode
failure analysis utilizing thermal imaging in conjunction with deep learning methodologies
indicate the potential for this approach to serve as an efficacious solution for the detection of
faults in PV systems. Furthermore, several critical types of electrical faults warrant further
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investigation utilizing image-based computational solutions and should be prioritized in
forthcoming research endeavors:

• The Balance of System (BOS) components failures, which are considered the main
reason behind the existence of non-producing modules in the PV area leading to a
reduced production;

• The inverter failure is considered the brain of the PV system and represents an expen-
sive and complex element in the plant.

Another key aspect for future work is the development of lightweight, computer
vision-based approaches suitable for real-time implementation on low-power, inexpensive
edge devices with limited memory capacity.

4.6. Fault Detection of PV Trackers

An additional domain in which artificial vision has been implemented concerning
renewable photovoltaic systems pertains to the identification of faults in photovoltaic mod-
ule tracking systems. These trackers accompany PV modules to optimize power generation.
Optimal module positioning depends on factors such as geographic location and local
weather conditions, necessitating adjustments for latitude and altitude, particularly in
tilt and azimuth angles. Numerous studies have investigated optimal tilt and orientation
angles [243,244]. However, the sun’s position varies continuously throughout the day and
year, preventing fixed modules from achieving maximum power output at all times. Track-
ing platforms address this limitation by dynamically adjusting panel positions, potentially
increasing energy production by 20% to 50%, contingent on the specific location [245].
Nevertheless, these systems are susceptible to faults that impair tracker movement. Various
methods have been proposed to identify such faults, but they typically require multiple
sensors and extensive data measurement [246]. Visual inspections represent an alternative,
yet they are often time-consuming or expensive. Consequently, image-based fault detection
offers a more straightforward and cost-effective solution.

As mentioned, the use of images to detect faults in PV module trackers can provide an
important advantage, with some works proposing this approach for this type of problem.
In recent years, this approach has been addressed, with works proposing a method that
takes into account the existence of multiple photovoltaic (PV) systems [247,248]. In this
way, a pattern recognition method has been implemented, which considers the comparison
between them. Since the number of PV systems with a fault in a tracker is typically quite
small (often just one), detecting this fault is accomplished by comparing the slopes of
these systems (as shown in Figure 19). This method is effective because it highlights the
differences in performance between the PV systems, making it easier to identify any issues.

Figure 19. Strategy for detecting tracker faults that involves comparing the slopes between PV
panels [248].
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In [247], the orientation was established using statistical moments or by calculating
the slope of the line that connects the two centroids of the photovoltaic (PV) cells, which
are situated at the vertices of the PV module. On the other hand, Amaral et al. [248]
used an image processing method that utilizes Principal Component Analysis (PCA) to
analyze and process images. Unlike the usual use of PCA for reducing data dimensions,
this study proposes using it to determine object inclination. In the context of multiple
photovoltaic (PV) modules, this method can be used to identify any modules with a slope
that differs from the majority. This is achieved by analyzing the PCA results to determine
the inclination of each PV module and comparing them to identify any outliers.

As verified, not many works have focused on this specific area of PV applications.
However, the presented works showed that this could be a very effective and low-cost
solution for this kind of problem that exists with PV trackers. Nevertheless, there is much
work that needs to be developed and should be a focus in the future, namely:

• Real-time Implementation: Integrating the image processing algorithm into an au-
tomated, real-time monitoring system that captures images, calculates the deviation
index, and alerts operators immediately;

• Large-scale field validation: Conduct multi-site studies over multiple climates and
tracker types (single-axis, dual-axis);

• Benchmark datasets and open-source image sets for PV tracking faults would acceler-
ate research;

• Automatic Seasonal Adaptation: Develop algorithms that adjust thresholds dynam-
ically based on seasonal lighting, sun path changes, and background environment
changes. This improves robustness without manual recalibration;

• Expand to Night-Time Fault Detection: Integrate IR imaging or thermal cameras and
use low-light or NIR-enabled cameras. This ensures 24/7 tracker monitoring.

4.7. Maintenance of PV Modules

While many studies highlight the low maintenance costs of PV systems [249], real-
world applications outside of research settings often reveal a different reality, necessitating
ongoing maintenance and support. One potential issue lies in the design or installation
process. PV modules are often connected in a series-parallel arrangement, where several
panels or cells are joined in series to form a string of modules and obtain an optimal
voltage. Multiple strings of modules are then connected in parallel. Therefore, discrepancies
between strings can lead to a decrease in overall system performance. Furthermore, in
various climate zones, the persistent accumulation of dirt and debris on solar panels can
markedly impair their performance. Thus, to ensure the maximum efficiency of the PV
generators, maintenance programs are required [250].

This is another specific area in which not many works have focused, particularly when
taking into consideration computer image-based approaches. However, this could be a very
useful tool for the maintenance of PV systems. Nevertheless, further research is still needed
to ensure that this tool becomes truly important in this context. In fact, the following can be
mentioned as future work:

• Multimodal Data Fusion for Enhanced Diagnostics: Move beyond basic visual (RGB)
or thermal inspection to fuse data from multiple image modalities;

• AI-Driven Anomaly Detection and False Positive Reduction: Refine Machine Learn-
ing and Deep Learning algorithms to distinguish between genuine, performance-
impacting faults and temporary anomalies (e.g., passing bird droppings, transient
shadows, or temporary reflections);

• Standardized Image Datasets and Benchmarks: Address the lack of standard, publicly
available, and diverse datasets;
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• Integration of Image-Based State Estimation with Remaining Useful Life (RUL) Models:
Connect the fault severity detected in an image to the panel’s overall health and
estimated time until complete failure.

4.8. Finding the Optimal Operating Point of Photovoltaic Panels (MPPT)

Maximum power point tracking (MPPT) algorithms are designed to track and extract
the maximum available power from photovoltaic (PV) systems, regardless of the envi-
ronmental conditions. The goal of MPPT is to optimize the power output of PV systems
under varying conditions, such as changes in solar irradiance or temperature, in order to
maximize the energy harvested. Many MPPT (Maximum Power Point Tracking) algorithms
are capable of accurately identifying the maximum power point when the photovoltaic
(P-V) characteristic curve has a single peak. However, traditional MPPT methods can fail
when the solar cells are subjected to partial shading conditions. Under partial shading, the
P-V curve can exhibit multiple peaks, and the conventional MPPT techniques may become
trapped at a local maximum power point, rather than tracking the true global maximum
power point. Consequently, a local maximum might be attained instead of the global peak.
In this way, to avoid these problems new algorithms designated as global MPPT (GMPPT)
methods have been proposed. One of the innovative approaches to attaining maximum
power point (MPP) under partial shading conditions (GMPPT) is the use of computer
vision algorithms.

In contrast to existing MPPT methods that exclusively rely on analog electronics,
algorithms based on computer vision offer an effective and economical solution. By analyz-
ing shading patterns on solar cells through mathematical modeling, these algorithms can
accurately determine the voltage at maximum power. This approach can be implemented
by simply placing a camera in front of the solar panel(s), as illustrated in Figure 20.

 

Figure 20. PV panel shading detection using computer vision.

A MPPT technique characterized by its capability to identify the Global Maximum
Power Point (GMPP) without requiring periodic curve scanning and using computer was
presented in [251]. The proposed approach leverages the mathematical model of the PV
module and the irradiance levels received by its cells to analytically determine the GMPP
location. The required irradiance values are estimated using an optical camera to capture
an image of the PV module. Additionally, the method is integrated with the perturb and
observe (P&O) technique to mitigate potential errors in the model or irradiance estimation.
A similar approach was used by [252]. However, in this case the artificial vision, which uses
a webcam to identify the shadow irradiance in real-time, is used to determine the reference
voltage for maximum power extraction, irrespective of the number of peaks in the P-V
curve. Another MPPT system utilizing artificial vision to track the maximum power point
under partial shading conditions was presented in [253]. This system was controlled and
monitored by a wireless sensor network based on IEEE 802.15.4 technology.
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A method using artificial vision to obtain the maximum power point under partial
shading conditions is proposed in [252]. A webcam is employed to analyze shading patterns
in real time and estimate the corresponding irradiance distribution. The shadow detection
process uses some image processing algorithms such as thresholding, morphological
transformation and blob coloring. From this analysis, a reference voltage corresponding
to the global MPP is determined and used by a nonlinear backstepping controller to
adjust the input voltage of the DC/DC converter, ensuring the PV system operates at
its optimal point. Outdoor experiments validate the proposed method, achieving MPP
tracking efficiencies between 98.1% and 99.6%, even in dynamically changing shading
conditions. Reconfiguration of photovoltaic (PV) arrays is crucial for maintaining efficiency,
especially under partial shading conditions. Existing methods for reconfiguration tend to be
complex and challenging. Karakose et al. investigate the effects of full and partial shading
on PV arrays and propose a simpler reconfiguration approach using image processing
algorithms to analyze moving shadows [254]. Unlike traditional methods, this approach
does not require direct measurements of current, voltage, or power, which are often difficult
to obtain. Experimental validation using video footage from a real PV array demonstrates
the effectiveness of the method in improving system performance under shading.

Although few works have focused on this area, it can be a useful tool. However, the
current artificial-vision approaches presented in these studies typically rely on classical
image-processing techniques such as thresholding, segmentation, and color analysis. More
advanced algorithms could therefore be employed, including CNN-based shading segmen-
tation, shadow detection using U-Net or Vision Transformers, and real-time classification
of cloud shadows, soiling, bird droppings, snow, or structural shading. Moreover, due to
the limited research available, several directions for future work can be identified:

• Methods to improve accuracy under varying lighting, angles, and weather;
• Hybrid optimization (vision + heuristic MPPT);
• Predictive MPPT that uses vision to anticipate shading events before power drops;
• Reinforcement learning–based MPPT that uses video feedback.

5. Conclusions
In this paper it was presented a review of the applications in which artificial computer

vision can be used in photovoltaic systems was presented. These systems, which convert
sunlight directly into electricity, are crucial within renewable energy. They play a vital
role in transitioning away from fossil fuels towards a more sustainable global energy mix.
Consequently, owing to their significance, numerous research efforts have been undertaken
in several contexts related to these systems. As shown in this paper, computer vision has
been applied to several contexts within photovoltaic system applications. Additionally,
this review highlights the use of various acquisition systems for computer vision, noting
that their selection was performed with great care. Furthermore, this paper highlights
that a variety of algorithms have been proposed for use with the acquisition system.
These algorithms have also incorporated modern AI techniques, such as machine learning,
deep learning, and hybrid methods. Beyond the importance of the acquisition systems
themselves, the choice and development of these algorithms significantly influence the
accuracy of the overall system. While numerous reviews concerning photovoltaic (PV)
systems and computer vision have already been published, this review distinguishes itself
by not focusing on a specific topic or subset of algorithms associated with image processing.
Instead, it concentrates on diverse applications, such as predicting PV areas, forecasting
solar output, detecting clean/unclean PV modules, and classifying module faults (all in
their various aspects). Furthermore, the review clearly specifies for each work whether it



Appl. Sci. 2025, 15, 13285 80 of 93

relies on public datasets. This enhances future reproducibility and research, as links to all
utilized public datasets are presented for every relevant study.

From this review, several avenues for future work were also identified. One of the first
key aspects is the standardization of Datasets. This will allow the community to establish a
public and uniform benchmark dataset, enabling objective comparison between algorithms
and approaches proposed by different studies. Another aspect identified, which affects
virtually all applications, is the need to enhance model robustness. This involves improving
model resilience to challenging image conditions, specifically addressing variability in
image quality caused by factors such as shadows, occlusions, varying lighting conditions,
and seasonal changes. A further issue observed across many applications was the reliance
on static analysis. Therefore, temporal monitoring and analysis should be considered for
future investigation.

Other specific lines for future work were also identified for particular applications.
Their detailed description was presented at the end of each respective section.
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Abbreviations
The following abbreviations in alphabetical order are used in this manuscript:

(AC) Alternating current
(AE) Autoencoder
(AI) Artificial Intelligence
(AIRT) Artificial Intelligence-based Intelligent Reactive Tracking
(AM) Attention mechanisms
(AMV) Atmospheric motion vector
(ANFIS) Adaptive Network-based Fuzzy Inference System
(ANN) Artificial Neural Networks
(AR) Autoregressive
(ARM) Atmospheric Radiation Measurement
(ARMA) Auto-regressive moving average
(ASI) All-sky imager
(BILST) Bi-level Spatio-Temporal
(BOS) Balance of System
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(BPNN) Backpropagation neural network
(CAE) Convolutional autoencoder
(CBAM) Convolutional Block Attention Module
(CCD) Charge-coupled device
(CCM) Cross-correlation method
(CDF) Cloud distribution feature
(CF) Cloud fraction
(CIADCast) Cloud Index Advection and Diffusion Cast
(CLNSTM) [Note: CLSTM—placed below]
(CLSTM) Convolutional long short-term memory
(CNN) Convolutional Neural Network
(CPM) Coarse Prediction Module
(CPU) Central Processing Units
(CRM) Constraint Refinement Module
(CSL) Clear Sky Library
(CSP) Concentrating solar power
(CSPIMP) Concentrating Solar Power plant efficiency IMProvement
(CVM) Cross Validation Method
(DC) Direct current
(DCNN) Deep convolutional neural network
(DHLNN) Double-Hidden Layer Feed Forward Neural Network plus Softmax function
(DIP) Digital Image Processing
(DL) Deep learning
(DNI) Direct Normal Irradiance
(DRR) Deep Roof Refiner
(ECLIPSE) Envisioning CLoud Induced Perturbations in Solar Energy
(EL) Electroluminescence
(EV) Electric vehicle
(EVA) Ethylene-vinyl acetate
(FCN) Fully convolutional network
(FFL) Fine-Grained Feature Layer
(FIA) Filter-induced augmentations
(FOM) Fine Optimization Module
(FPGA) Field Programmable Gate Arrays
(FPN) Feature Pyramid Network
(FPV) Floating PV
(GA) Genetic algorithm
(GAN) Generative Adversarial Network
(GBC) Ground-based camera
(GHI) Global horizontal solar irradiance
(GMPP) Global Maximum Power Point
(GMPPT) Global Maximum power point tracking
(GPU) Graphics Processing Units
(GRU) Gated Recurrent Unit
(GTI) Global Tilted Irradiance
(HDR) High Dynamic Range
(HOG) Histogram of Oriented Gradients
(HSRRS) High spatial resolution remote sensing
(HSV) Hue, Saturation, Value
(IR) Infrared
(IREA) International Renewable Energy Agency
(IRT) Infrared Thermography
(IRTI) Infrared thermal imaging



Appl. Sci. 2025, 15, 13285 82 of 93

(IoT) Internet of Things
(kNN) k-Nearest Neighbor
(LBP) Local Binary Patterns
(LCC) Local cloud cover
(LMD) Local measurement data
(LSTM) Long short-term memory
(LWIR) Long-wave infrared
(ML) Machine Learning
(MLP) Multilayer Perceptron
(MPPT) Maximum power point tracking
(MPP) Maximum power point
(MSG) Meteosat Second Generation
(MSF) Multistep forecasting
(NWP) Numerical Weather Prediction
(OF) Optical Flow
(PCA) Principal Component Analysis
(PCTA) Principal Components Thermal Analysis
(PIV) Particle Image Velocimetry
(PI) Prediction Interval
(PL) Photoluminescence
(PM) Persistence model
(PREDNET) Predictive Coding Network
(PRRC) Power ramp-rate control
(PSO) Particle swarm optimization
(PSPNet) Pyramid Scene Parsing Network
(PSSI) Parking Space Suitability Index
(PV) Photovoltaic
(RBF) Radial basis function
(RBR) Red-Blue Ratio
(RE) Renewable energy
(RF) Random Forest
(RGB) Red, Green, and Blue
(RID) Roof Information Dataset
(RNN) Recurrent neural network
(ROIs) Regions of Interest
(RSL) Roof Structure Line
(RSP) Rooftop solar panel
(RTM) Randomized Training Method
(SBI) Sun-Blocking Index
(SCM) Semantic Constraint Module
(SES) Solar energy systems
(SGP) Southern Great Plains
(SHLNN) Single-Hidden Layer Feed Forward Neural Network plus Softmax function
(SI) Sky images
(SIFT) Scale-Invariant Feature Transform
(SIM) Solar irradiance map
(SLNN) Simple machine learning model
(SPM) Smart persistence model
(SPV) Stationary PV
(ST) Solar thermal
(SVC) Support Vector for Classification
(SVM) Support Vector Machine
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(SVR) Support Vector Regression
(SWIR) Short-wave infrared
(TSIs) Total sky images
(UAV) Unmanned Aerial Vehicle
(UVF) Ultraviolet fluorescence
(VGG19) Visual Geometry Group-19
(ViT) Vision Transformer
(WPV) Water-based photovoltaics
(WRF) Weather Research and Forecasting
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