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Abstract

Due to their large size utility-scale PV plants often contain anomalous PV modules and
components that lead to accelerated degradation, pose fire hazards, and reduce power
output, yield, and consequently the profitability of the plant. Hence, regular inspections are
recommended. A fast and contactless inspection method is drone-based IR thermography,
which detects PV plant anomalies based on their increased temperatures. However, IR
thermography also generates large amounts of IR videos, manual sighting of which is
economically infeasible.

Thus, the goal of this thesis is to develop a computer vision pipeline for the automated
processing of drone-acquired IR videos of utility-scale PV plants, which identifies anomalous
PV modules in the video and localizes them in the plant to facilitate targeted repairs.
To this end, we combine algorithms for instance segmentation, multi-object tracking,
incremental structure from motion, and supervised image classification, employing recent
deep learning methods wherever applicable.

The pipeline is fully automated, works independently of the plant layout, facilitates a high
throughput of up to 45000 modules (~ 10.6 MW,,) per hour, and supports both automated
flights, useful for large plants, and manual zero-setup flights for small plants. Three
anomaly detection methods are available, which—thanks to the use of a very large dataset
with over 6.5 million IR images of 152669 PV modules from ten different PV plants—offer
high accuracy, robustness to changes in environmental conditions, good generalization
across plants, and sensitivity to string anomalies and all common PV module anomalies.
Apart from the IR video, only a coarse GPS trajectory of the drone is required for the
creation of a geographic map, on which anomaly detection results can be intuitively
visualized. The pipeline successfully processes 99.3 % of all PV modules in our dataset,
confirming its robustness to acquisition errors.

Apart from the theoretical contributions, the pipeline is published as an open-source
software tool to accelerate research in the field.

Our contributions lower the barrier to regular inspections of utility-scale PV plants,
improving their reliability, safety, durability, power output, yield, and profitability, which
is essential for the future success of solar PV as a global source of clean and renewable
electricity.



Zusammenfassung

Aufgrund ihrer grofSien Ausmafle enthalten PV-Anlagen oft anomale PV-Module und Kom-
ponenten, die zu einer beschleunigten Degradation fithren, eine Brandgefahr darstellen
und die Leistung, den Ertrag und damit die Rentabilitit der Anlage verringern. Daher
werden regelméaflige Inspektionen empfohlen. Eine schnelle und bertihrungslose Inspek-
tionsmethode ist die drohnengestiitzte IR-Thermografie, die Anomalien in PV-Anlagen
anhand ihrer erhohten Temperaturen erkennt. Allerdings erzeugt die IR Thermografie
auch grofle Mengen an IR-Videos, deren manuelle Sichtung nicht wirtschaftlich ist.

Das Ziel dieser Arbeit ist daher die Entwicklung einer Computer Vision Pipeline fiir die
automatisierte Verarbeitung von mit Drohnen aufgenommenen IR-Videos von PV-Anlagen,
die anomale PV-Module im Video identifiziert und diese in der Anlage lokalisiert, um
gezielte Reparaturen zu ermoéglichen. Zu diesem Zweck kombinieren wir Algorithmen zur
Segmentierung und zum Tracking von Objekten, zur inkrementellen Rekonstruktion auf
Basis der Kamerabewegung und zur Bildklassifizierung. Hierbei verwenden wir, sofern
sinnvoll, Deep-Learning-Methoden.

Die Pipeline ist vollstandig automatisiert, arbeitet unabhéngig vom Anlagenlayout, er-
moglicht einen hohen Durchsatz von bis zu 45000 Modulen (~ 10.6 MW,) pro Stunde
und unterstiitzt sowohl automatisierte Fliige, die fiir grofe Anlagen niitzlich sind, als
auch manuelle Flige fir kleine Anlagen, die keine vorherige Konfiguration erfordern. Es
wurden drei Methoden zur Erkennung von Anomalien entwickelt. Diese bieten, dank
der Verwendung eines sehr groflen Datensatzes mit iiber 65 Millionen IR-Bildern von
152669 PV-Modulen aus zehn verschiedenen PV-Anlagen, eine hohe Genauigkeit, Robus-
theit gegeniiber Anderungen der Umgebungsbedingungen, gute Ubertragbarkeit zwischen
PV-Anlagen und Sensitivitat fiir String-Anomalien und alle géngigen Modulanomalien.
Neben dem IR-Video wird nur eine grobe GPS-Trajektorie der Drohne fiir die Erstellung
einer geografischen Karte bendtigt, auf der die Ergebnisse der Anomalieerkennung intuitiv
visualisiert werden konnen. Die Pipeline verarbeitet erfolgreich 99.3 % aller PV-Module in
unserem Datensatz, was ihre Robustheit gegentiber Fehlern bei der Videoaufzeichnung
bestéatigt.

Abgesehen von unseren theoretischen Beitrédgen wird die Pipeline als Open-Source Software-
Tool veroffentlicht, um die Forschung auf diesem Gebiet voranzutreiben.

Unser Beitrag senkt die Hiirde fiir regelméflige Inspektionen von groflien PV-Freiflichenanlagen,
welche die Zuverlassigkeit, Sicherheit, Lebensdauer, Leistung, Ertrag und Rentabilitéat der
Anlagen verbessert. Dies ist unerlasslich fiir den kinftigen Erfolg der Photovoltaik als
globale Quelle fiir saubere und erneuerbare Elektrizitét.

vi



1 Introduction

This chapter motivates the need for automated PV plant inspection and introduces the
objective of a computer vision pipeline for this task. Finally, the scope and structure of
this thesis are described.

1.1 Motivation

Solar photovoltaics (PV) plays an important role in the global energy turnaround from
mainly fossil fuel-based to renewable electricity generation [4]. Continuous technology
improvements, decrease in capital cost, and increase in competition have led to substantial
cost reduction and increased deployments of solar PV in the past decade [5, 6]. The
globally installed capacity of solar PV reached 775 GW,, in 2020 [7], with annual capacity
additions having hit an all-time record of 160 GW,, in 2021 [8]. In a conservative scenario,
the IEA predicts the addition of another 940 GW,, until 2026 [8], more than doubling the
current 3.2 % share of solar PV in the global electricity generation [9].

Economic success is essential for the future growth of solar PV. As investment objects, PV
plants must deliver electricity reliably and for a long time, to ensure investment targets
are met and electricity is generated at a competitive price. With the increasing share of
solar PV in the power mix, reliability also becomes ever more important to ensure the
stability of the future power grid [10]. However, PV plants are exposed to a multitude of
stresses during installation and operation, such as mechanical and thermal load cycles,
ultraviolet radiation, high potential gradients, and adverse climatic and weather conditions
[11, 12]. This leads to material degradation and reduces the power output by 0.5 % to
0.6 % annually [13]. Consistent with this, Buerhop et al. [14] found that about 8 % of all
modules and 2 % of all strings in a large number of analyzed PV plants exhibit some form
of anomaly, causing an average power loss of about 6 % [15]. While not every anomaly is
critical and requires an immediate repair, some anomalies lead to high temperatures that
cause accelerated degradation [16, 17] and pose fire hazards, which is especially critical for
building-integrated PV [18-20]. Some common anomalies also cause 100 % power loss of
the affected module or string, for instance, a faulty connection with the rest of the plant
[17]. If undiscovered, such anomalies can lead to substantial monetary losses, postponing
the break-even point and profitability of the investment. Hence, regular inspection of PV
plants is recommended, and in some countries, even a regulatory requirement [21]. Apart
from preventing power losses, an inspection is also useful for due diligence, i.e., when
buying a second-hand PV plant, or as part of the commissioning of a new plant to identify
installation errors and facilitate warranty claims. Inspection will also gain relevance in the
near future once the currently deployed and still young PV plants have aged and degraded.
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In 2022, there were nearly 22000 PV plants in Germany alone with a capacity larger than
500 kW, each [9]. Assuming a typical module power of 235 W, even the smallest of these
plants contain over 2000 modules. The currently largest plant in Germany has even a
capacity of 187 MW, and contains over 465000 modules [22]. Hence, a manual inspection,
for instance, measurement of the current-voltage-characteristic of each module, is not
economically feasible.

Instead, infrared (IR) thermography has proven to be a fast, simple, accurate, and economic
method for the inspection of PV plants above 100 kW,, [23-27], which is commonly used
for more than a decade [28, 29]. In IR thermography, a thermal IR camera detects module
or string anomalies due to their increased temperature caused by power dissipation. IR
thermography is not only sensitive to all important module anomalies [28, 30, 31], but can
also detect system errors, such as faulty connections and inverters [23], and external factors,
such as soiling and shading [32, 33]. This is important, as power losses due to system
errors and external factors outweigh losses due to module anomalies [34]. IR thermography
is non-contact and non-destructive, thus does not interfere with plant operation. This is
in contrast to other techniques, such as electroluminescence (EL) imaging, which requires
disconnecting and reverse-powering each string [16]. Consequently, IR thermography is
cheaper, as no additional equipment apart from the IR camera is needed [31, 35|, and safer,
as no intervention in the electrical system is required [27]. Furthermore, IR thermography
is performed in daylight instead of the night as EL, saving special work permissions and
night surcharges [16, 31].

IR thermography is often performed with small consumer-market drones [15, 16, 36-40],
which offer low cost, technological maturity, and the ability of automated flights [41, 42].
Drones provide a 10 — 15 fold speedup over conventional techniques, such as walking or
ground-based robots [16], and reach a throughput of up to 48000 modules (~ 11 MW,)
per hour of flight [43]. Not only are drones much cheaper than an airplane or helicopter,
but they also facilitate low flight altitudes and hence close-up recordings. This reduces
interference with nearby infrastructures, such as buildings [16, 44], and enables recording
high-resolution thermal IR videos with a lower amount of atmospheric distortion using
only a simple and inexpensive consumer-market microbolometer IR camera [25, 45].

1.2 Problem Statement

Drone-based IR thermography of utility-scale PV plants generates large amounts of IR
videos, manual sighting of which is not economic. For instance, a typical 10 MW, plant
has about 42500 modules (235 W each), manual sighting of which would take 11.8 hours,
assuming a human expert takes one second per module and works nonstop. However,
this assumes the video is already processed nicely, presenting the human expert with a
single image of each PV module. Assuming, a drone-mounted IR camera with 13 mm lens
scanning individual rows of the plant at 8 frames per second from a distance of 15 m, each
module is visible in about 40 subsequent video frames, resulting in 1.7 million module
images. Just cropping and storing each module from each frame would take a human
196 days of nonstop work if he takes ten seconds per module image. On top of that,
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the identity of each module would have to be tracked over subsequent frames to know,
which of the cropped images belong to which module. But doing this manually is nearly
impossible, as the videos (i) are highly repetitive, (ii) contain only a few or no visual
reference points for orientation, and (iii) contain short interruptions due to the flat-field
calibration performed every few minutes by the microbolometer camera. Even if anyone
managed to perform all these tasks, he would still not know, where exactly each module is
located in the plant—an important information for repairs. The best a human could do
here, is count the modules starting from the beginning of each row. But this is, again,
error-prone, and time-consuming. Another problem with manual processing occurs with
respect to detecting and classifying module anomalies. Humans—even experts—are not
very good at this, as they are inconsistent and tend to drift over time. A small hot spot
that was not considered an anomaly before may well be regarded as a full-blown anomaly
just two hours later.

Luckily, all the aforementioned tasks can be automated with computer vision algorithms
that are orders of magnitude faster, less error-prone, more accurate, and more consistent
than a human. Hence, the objective of this thesis is the development of an automated
PV plant inspection system. Providing an economically feasible inspection solution is of
major importance, as otherwise plant operators would likely forego regular inspections,
possibly causing underperformance of the plant, premature failures, failed investments, and
safety incidents, which could ultimately curb investments and hence future deployments
of solar PV. Due to the importance of this topic, several previous works have proposed
solutions for automated PV plant inspection [42, 46-56] and several companies offer PV
plant inspection as a service [57-59]. However, no free or open-source software is readily
available for this task.

The overall objective of an automated PV plant inspection solution can be broken down
into the following subtasks that are also illustrated in fig. 1.1.

Data acquisition The planning and manual or automatic execution of the drone flight and
capturing of IR videos of the PV plant that are compatible with the remaining processing
steps. The GPS trajectory of the drone is captured as well.

PV module detection The objective of this task is to identify and optionally extract the
regions in each video frame that resemble a PV module. Optionally the identity of each
PV module is tracked over the consecutive frames, in which it is visible.

PV module localization In this task, the location of each detected PV module in the
PV plant is determined either in absolute geocoordinates or relative to other modules.
This helps to incorporate external data sources and can guide the maintenance crew to a
specific module for performing a repair.

Anomaly detection For each detected PV module, it must be predicted, whether the
module functions normally, or whether it exhibits an anomaly and needs to be repaired.
Optionally, different types of anomalies may be differentiated.

Reporting Here, the results of the previous tasks are visualized, informing the maintenance
crew about the location of abnormal PV modules. Reporting may also take economic
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factors into account to provide concrete recommendations on whether a module should be
replaced or not.

PV module PV module Anomaly :
g]\;ﬁ%v;‘\?\} detection localization detection Reporting
— —
IR videos + Module regions Module location Anomaly Defect
GPS trajectory in each frame in the plant predictions elect map

Figure 1.1: Subtasks of an automated PV plant inspection system that is developed in
this thesis.

There are several requirements for the developed solution: It should provide a high degree
of automation, ideally being fully automated. The throughput should be as large as
possible without compromising module and anomaly detection accuracy. The solution
should also be flexible concerning the plant layout but work at least for utility-scale ground-
mounted plants. Moreover, the solution should scale to PV plants with a multi-gigawatt
capacity. Requirements on the flight trajectory of the drone should be low, facilitating
both automated and manual flights. Only the flight altitude should be as low as possible
to prevent obstruction of buildings and to produce high-resolution imagery for accurate
anomaly detection. Finally, the solution should be fully portable, i.e., not require any
setup when inspecting a new PV plant.

1.3 Scope of the Thesis

The publications in this thesis focus on subsets of the subtasks shown in fig. 1.1 and
contribute different solutions as described in tab. 1.1.

All publications assume a manual drone flight for video acquisition because already existing
manually recorded IR videos are used. The methods must adapt to the camera and drone
hardware as well as the recording style of the existing IR videos. Methods for automating
the drone flight are not proposed. Furthermore, reporting is limited to the indication of
anomalous PV modules. The impact of these anomalies on power, yield, and economic
variables is not further interpreted, and no recommendations for repairs are given. This
is because solving these additional tasks in a generally applicable manner would require
additional and very large amounts of data.

Publication [1] presents an initial solution for each of the subtasks, effectively solving
the entire PV plant inspection problem in form of a semi-automated computer vision
pipeline. Apart from demonstrating the feasibility of PV plant inspection based on the
available IR videos, the work shows that common image processing algorithms function
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Table 1.1: Scope of the publications in this thesis.

Subtask Publication [1] Publication [3] Publication [2]

Data Acquisition Manual drone flight Manual drone flight Manual drone flight

Deep learning-based
Module Detection instance segmentation  Same as publication [1] -
+ multi-object tracking

Association with Georeferencing with
Module Localization  description file by incremental structure -
graph-matching from motion
Deep learning-based Distribution of Supervised contrastive
Anomaly Detection supervised image maximum module representation learning
classification temperatures + k-NN classifier
. Panorama image of Visualization of results
Reporting . -
each row on a geographic map

well in IR. In the developed pipeline PV modules are detected in each video frame by
a deep learning-based instance segmentation model and tracked over subsequent frames
with a multi-object tracking algorithm. IR image patches of the detected PV modules
are cropped out of the frame, transformed to a rectangular shape, and stored for later
use. PV module localization is realized by a graph matching procedure, which assigns a
human-readable ID from a manually created plant description file to each PV module. PV
module anomaly detection is framed as a supervised image classification problem with ten
anomaly classes and solved by training and evaluating a ResNet-50 classifier. Anomaly
detection results are reported as an overlay on a panorama image of each plant row that
is assembled from extracted module images.

Publication [3] reuses the PV module extraction procedure of publication [1], but improves
module localization and reporting, and proposes a simpler method for anomaly detection.
Incremental structure from motion is used to obtain a georeferenced 3D reconstruction of
the PV plant and absolute geocoordinates of the PV module corners. This facilitates the
use of a geographic map for browsing extracted module images and reporting anomaly
detection results. As opposed to the method in publication [1], this improved method is
fully automated, works for plants with non-row layout, facilitates a higher throughput by
parallel processing of multiple rows, and is more fault-tolerant with an extraction success
rate of 99.3 % compared to 87.8 %. Publication [3] also presents another anomaly detection
method based on local differences in the maximum module temperature, which is nearly as
accurate, but simpler, faster, and easier to interpret than related deep learning methods.

Publication [2] exclusively addresses PV module anomaly detection. The work discovers
the existence of a significant domain shift between IR images originating from different
PV plants. To account for this domain shift, a more realistic problem setup is proposed,
in which an anomaly classifier is trained on data of one PV plant and evaluated on data of
another plant. Following this scheme, a binary classifier is developed, which uses supervised
contrastive representation learning and a k-NN classifier to improve domain adoption.
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1.4 Thesis Outline

The remainder of this thesis is structured as follows. Chapter 2 provides the theoretical
background of PV plant anomalies, IR thermography, and computer vision methods for
automated PV plant inspection. The scope of this chapter is to provide useful background
knowledge needed to understand the related works and the methods developed in this
thesis. In chapter 3 a thorough analysis of the state-of-the-art methods in computer vision
and automated PV plant inspection is conducted. Chapter 4 discusses the contributions
of our publications and compares them with each other. Afterwards, chapter 5 discusses,
how our contributions improve upon the state of the art. Finally, the thesis is concluded
in chapter 6 and future research opportunities are discussed in chapter 7.



2 Background

This chapter provides the background of automated PV plant inspection with IR thermog-
raphy. After describing the typical structure of utility-scale PV plants, common PV plant
anomalies and their resulting thermal patterns in IR imagery are introduced in detail.
Afterwards, the basics of IR thermography for PV plant inspection are presented, and
an overview of computer vision methods for the automated processing of the imagery
acquired by IR thermography is given.

2.1 Large-Scale PV Plants

Development of a computer vision algorithm requires a solid understanding of the recorded
scene, in the case of this thesis, large-scale PV plants. This understanding is not only
needed to determine the best recording strategy, but also to make effective assumptions
about the scene, exploit scene invariants (e.g., a PV module has always four corners),
and drive algorithm design decisions. Hence, this section briefly introduces the structure
and components of large-scale PV plants. The focus is on ground-mounted plants with
a row-based layout as this type is very common [9] and the methods in this thesis are
developed and tested on this plant type. Other types of large-scale PV plants include
floating and rooftop-, or facade-mounted PV plants.

Fig. 2.1 shows a typical ground-mounted plant consisting of rows, each containing a large
number of regularly arranged PV modules. The layout of rows can vary between plants
as shown in fig. 2.2. In some plants more than two modules may be stacked vertically,
modules may be oriented in landscape rather than portrait, or even rotated by 45°. There
may also be regular gaps between each module or table (group of modules), and individual
modules may be missing. The rows are usually facing the equator and are not parallel
to the ground, but rather tilted at an angle (most common 20° to 30° [60]), to ensure an
optimal incidence angle of the solar radiation and maximize annual yield. Some plants use
trackers that adjust the tilt of each row over the day following the sun across the sky [61].

Fig. 2.1 also shows a PV module with crystalline silicon (c-Si) cells, which is currently the
most common module type with a 95 % share in the 2020 global solar energy production
[9]. A typical module contains 60 or 72 cells [62], and has a rated peak power of 250 W to
400 W. Typical dimensions of a 60 and 72 cell module are 1.0m x 1.65m and 1.0m X
2.0 m, respectively [63, 64]. The module is a sandwich of an insulating polymer backsheet,
the cells encapsulated in a polymer matrix, and a highly transmissive glass front that,

'Reprinted from “Computer vision tool for detection, mapping, and fault classification of photovoltaics
modules in aerial IR videos,* by L. Bommes, T. Pickel, C. Buerhop-Lutz, et al., 2021, Progress in
Photovoltaics: Research and Applications, vol. 29, no. 12, pp. 1236-1251 [1]. CC BY.
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Figure 2.2: Different row layouts of ground-mounted PV plants.!

together with an aluminium frame, provides structural stability. The silicon cells are the
active elements, which convert incoming solar energy into electrical energy. Each cell has
a characteristic open-circuit voltage (typically 0.5V to 0.6 V) and a short-circuit current
(typically between 5.8 A and 13.3 A) [65]. To reduce resistive losses and increase inverter
efficiency, a high module voltage and low module current are favorable. This is achieved
by connecting all cells in series, summing up their voltages while maintaining the current
of a single cell [65]. The module is split into three substrings with an equal number of cells,
each equipped with a bypass diode. A bypass diode prevents reverse currents and excessive
energy dissipation (heat) in cells of a substring in case of a mismatch of individual cell
currents, which can occur, for example, due to partial shading of the module [66-68].

For the same reason that the cells of a module are connected in series, multiple PV
modules (here 22 modules) are connected in series to form a string. An inverter converts
the direct current of the string to an alternating current, which is stepped up in voltage
by a transformer before being fed into the power grid [62]. The inverter also ensures that
each string operates in its maximum power point, where power transfer efficiency is highest
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[69]. Both string-level inverters and central inverters, which are connected to many strings
in parallel, are used [62].

One aspect to keep in mind when inspecting large-scale PV plants is that the electrical
and spatial layout of a plant do not always coincide. For instance, a string may be split up
over multiple rows. Furthermore, it happens that modules or entire strings are accidentally
swapped during installation or repairs, causing deviations from the original circuit plan.

2.2 PV Plant Anomalies

Anomalies in PV plants can occur due to problems in the manufacturing process, mishan-
dling during installation, or due to exposure to thermal and mechanical stresses, ultraviolet
radiation, high potential gradients, and adverse climatic and weather conditions, during
operation in the field [11, 12, 31]. The term anomaly is chosen intentionally instead of
defect or fault as not all anomalies cause drastic power losses or pose safety hazards, and,
consequently, may not require repairs or exchange of the affected component.

The following section first describes common PV plant anomalies, focusing on their physical
causes. Afterwards, thermal anomaly patterns that can be observed by IR thermography
are shown and linked to their physical causes. In addition, a classification scheme for the
thermal patterns is provided, which allows for automatic classification using computer
vision algorithms. Note, that throughout the rest of this thesis we use the term anomaly
interchangeably for the thermal pattern and the underlying physical cause.

2.2.1 Physical Causes

The following list of common PV plant anomalies is based on several related articles and
technical reports [17, 24, 31, 70, 71]. Fig. 2.3 shows some of the anomalies discussed here.
For additional details, such as typical temperature differences, see tab. 2.1 below. Note,
that this overview is limited to anomalies of c-Si modules. Other technologies, such as
thin-film or half-cell modules, share some of the anomalies, but also have their specific
anomalies [23, 30].

Electrical mismatch As pointed out in sec. 2.1, PV plants contain serial connections
both on module-level and string-level to increase voltages, and consequently decrease
currents and resistive losses. In a series connection, the same current flows through each
component (cell or module), while the voltages across the components differ, summing up
to the total voltage of the series connection. Due to a mismatch in the electrical properties
of components, voltages across individual components can become negative (reverse bias),

2Reprinted from “Investigating the impact of shading fffect on the characteristics of a large-scale grid-
connected PV power plant in northwest China,*“ by S. Yunlin, S. Chen, L. Xije et al., 2014, International
Journal of Photoenergy, vol. 2014, no. 3, p. 763106 [77]. CC BY.

3Reprinted from “Designing new materials for photovoltaics: Opportunities for lowering cost and increasing
performance through advanced material innovations,“ by G. Oreski, J. Stein, G. Eder et al., 2021 [78]. ©
2021 International Energy Agency.
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Figure 2.3: Common PV plant anomalies. (a) Partial shading?, (b) cracked cell [72], (c)
broken module connector causing open-circuited modules and strings [73], (d)
defective bypass diode [72], (e) high-resistance connection (cell interconnect
ribbon) [72], (f) encapsulant discoloration®, (g) delamination [74], (h) backsheet
degradation [75], and (i) front glass breakage [76].

turning the component from a producer into a consumer, which dissipates energy as heat
causing a local temperature increase [79]. Several of the following anomalies induce an
electrical mismatch in the series connection of cells or modules.

Partial shading An electrical mismatch occurs for example, when some of the cells in a
module are shaded, a situation referred to as partial shading (see fig. 2.3a). In this case,
the voltage generated by the shaded cell drops and the cell may become reverse-biased and
heat up. Partial shading is no anomaly per se, as it is reversible. However, it still leads to
power loss. Common causes for shading are vegetation overgrowth and local soiling, e.g.,
bird droppings.

Cracked cell Cell cracks are a common type of anomaly, caused due to mishandling of
modules during installation and thermomechanical stresses during operation (see fig. 2.3b).
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Cell cracks can lead to power losses, as they may cause leakage currents within the cell,
or cause parts of the cell area to become disconnected, i.e., inactive. How much power is
lost, depends strongly on the size, geometry, and orientation of the crack. Cell cracks can
worsen over time due to repeated thermal and mechanical load cycles in the field.

Shunted cell Shunts are cell areas of lower crystal quality that have low ohmic resistance.
Possible causes are the presence of impurities during cell manufacturing or ineffective
isolation of the cell edge. Shunts lead to high local current densities and consequently
resistive heating, which ultimately reduces the power output of the cell.

Open-circuited substring, module, or string If a substring, module, or string is
in open circuit, generated electricity cannot be transported away, but instead must be
dissipated in the form of heat, which causes a homogenous temperature increase of the
affected substring, module (see Mh and Sh anomalies in fig. 2.4) or string (see fig. 2.5a).
Typical causes are broken module connectors (see fig. 2.3c), cables, soldering joints, or
interconnecting ribbons between cells. As no current can flow 100 % of the power generated
by the substring, module, or string is lost.

Short-circuited substring, module, or string A substring, module, or string can be
short-circuited, for example, due to a short circuit inside a connector or cable. A module
may also be short-circuited if all three bypass diodes are short-circuited. In the case of a
short circuit, the same short-circuit current flows through all cells in the short-circuited
path. Electrical mismatches cause some of the cells to become reverse-biased and heat
up. The result is a patchwork pattern (see Mp and Sp anomalies in fig. 2.4). However,
compared to the operation near the maximum power point (MPP), the temperature
differences of cells in a short circuit are much larger. This is because near the cell’s
characteristic short-circuit current a small change in current is accompanied by a much
larger change in voltage and power as compared to near the MPP. A short circuit leads to
100 % power loss of the affected component as the total voltage is zero.

Defective bypass diode Each of the three substrings in a typical c-Si module is
equipped with a bypass diode (see fig. 2.1), which reduces power losses in case of partial
shading of the module by providing an alternative path for the substring current. The
bypass diode also limits the reverse bias voltage of individual cells to the allowed maximum.
Bypass diodes can fail due to an electrostatic discharge, thermal runaway, or mechanical
stresses, becoming either high-ohmic or low-ohmic (short-circuited). A short-circuited
bypass diode causes a short circuit of the respective substring, resulting in a patchwork
pattern within the substring as explained above. A high-ohmic bypass diode acts as if it
was absent (see fig. 2.3d). Hence, it becomes only apparent when an electrical mismatch
occurs in the substring, e.g., due to partial shading or cracked cells. In this case, the
bypass diode cannot limit the reverse bias voltage, which can become very large, leading
to excessive heating of the mismatched cell (see Cs+ and Cm+ anomalies in fig. 2.4).

High-resistance connections Connections between the cells, modules, and strings in a
PV plant, such as soldering joints, interconnect ribbons, cables and connectors may exhibit
a high contact resistance (see fig. 2.3e), causing local resistive heating of the connection
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(see Chs anomaly in fig. 2.4) and consequently power losses. Root causes for high contact
resistance are poor solderings, thermomechanical stresses, corrosion of metallic contacts,
or installation errors.

Potential induced degradation Large potential differences between cells and ground
can cause the migration of ions within cells, leading to many shunted cells. This effect is
called potential induced degradation (PID) and can lead to power losses of up to 100 %
in affected modules. PID typically affects multiple neighboring modules towards the end
of a string, where the potential difference is highest. PID becomes visible in IR as a

non-uniform patchwork pattern that expands over multiple modules (see Pid anomaly in
fig. 2.4 and fig. 2.5b).

Packaging degradation The packaging materials of PV modules degrade over time,
which negatively impacts the optical and electrical properties of the module. A degraded
module packaging is prone to the intrusion of moisture, which can lead to corrosion and
accelerate the degradation. Common modes of packaging degradation are the discoloration
of encapsulation materials (see fig. 2.3f), delamination (see fig. 2.3g), backsheet degradation
(see fig. 2.3h), and front glass breakage (see fig. 2.31). Discoloration and delamination
reduce the amount of light that reaches the cells and consequently lead to reduced power
output. Delamination and backsheet degradation may lead to module leakage currents
and short-circuiting of the module. Possible causes are exposure to ultraviolet radiation,
moisture, mechanical stresses, and high temperatures caused by other types of anomalies.

2.2.2 Thermal Patterns

This section highlights the difference between the thermal patterns of anomalies observed
in thermographic IR images and their physical causes. It also provides a classification
scheme for the thermal patterns, which facilitates automatic classification using computer
vision algorithms.

As we want to use computer vision algorithms to automatically classify anomalies, we need
to consider, that computer vision algorithms base their predictions solely on the visual
appearance of the image that is fed into the algorithm. Hence, the thermal pattern of
an anomaly in the IR image is much more relevant to us than its physical cause. This
would be no problem if a bijective mapping between the different physical causes and
the resulting thermal patterns existed. However, no such mapping exists, because several
of the above-described anomalies can lead to multiple different thermal patterns. For
instance, a broken bypass diode can cause any number of substrings to either heat up
homogeneously or exhibit a patchwork pattern. Hence, to allow for automated classification
of the anomalies, we provide an appearance-based anomaly classification scheme, which
provides ten disjunct classes, each with a unique thermal pattern. This scheme is shown
in fig. 2.4. Tab. 2.1 contains further details and maps each of the thermal patterns to
possible physical causes.
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Normal Mh: Module Mp: Module Sh: Substring Sp: Substring
open circuit short circuit open circuit short circuit

Pid: PID  Cm+: Multi. Cs+: Single C: Warm D: Diode Chs: Hot
hot cells hot cell cell(s overheated point

Figure 2.4: Thermal patterns of common PV module anomalies. Temperature is clipped
at 30°C (black) and 60°C (white).?

Some of the thermal patterns can only be caused by one specific anomaly, such as Pid.
This allows for direct inference of the underlying cause from the thermal pattern. However,
for the anomaly patterns with multiple possible causes, additional on-site inspection, such
as visual inspection or measurement of the current-voltage-characteristic may be required
to disambiguate possible causes [23].

While our appearance-based classification scheme agrees with the literature for most of
the thermal anomaly patterns [17, 30], there are additional special and rarely occurring
anomalies that would require a more granular classification scheme. For our scheme, we
started with 26 anomaly classes. However, this scheme was not suitable for downstream
image classification by deep learning for two reasons: (i) Our dataset did not contain
enough example images for some of the classes to fully describe the visual variance of that
class, and (ii) some classes had the same or very similar thermal patterns. To resolve
both issues, we grouped some of the 26 classes together, which resulted in the ten classes
presented in fig. 2.4 and tab. 2.1. These ten classes have distinctive thermal patterns and
there are enough example images per class. Dunderdale et al. approach the problem in
the same way but resort to only five classes as they have fewer data [80].

Despite the simplifications of the classification scheme some challenges remain. For
example, a single module may simultaneously exhibit different anomalies, which leads to
a superposition of the corresponding thermal patterns. For instance, it is common, that
an open-circuited substring also causes the bypass diode to overheat. Furthermore, the

4Reprinted from “Computer vision tool for detection, mapping, and fault classification of photovoltaics
modules in aerial IR videos,* by L. Bommes, T. Pickel, C. Buerhop-Lutz, et al., 2021, Progress in
Photovoltaics: Research and Applications, vol. 29, no. 12, pp. 1236-1251 [1]. CC BY.
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thermal patterns are not always as clear as the ones in fig. 2.4. If, for example, irradiance
is lower, less power is dissipated in the anomaly, which leads to smaller temperature
gradients and lower contrast in the IR image.

While the scheme in fig. 2.4 focuses on module-level anomalies, it is also applicable to
anomalies that affect multiple modules or entire strings as shown in fig. 2.5. This way,
defects in other components of the plant, such as the inverters, electrical connectors,
or cables are detectable. For example, multiple neighboring modules with Mh and Mp

anomaly patterns indicate an open-circuited and short-circuited string, respectively [30,
81].

(a)

Figure 2.5: Thermal anomaly patterns of string-level anomalies. (a) Open-circuited string
(b) Potential induced degradation.
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Table 2.1: Details of the PV module anomalies in fig. 2.4. Values for AT and power loss
are from [30] and [17], respectively. AT relates to a normally operating module

at 1000 Wm~2.
Anomaly Description AT Physical Causes Power Loss
Mh Module homogeneously 9K to TK . M(?dule in open 01rcu1.t 100%
warmer than others e Failed system connection
e Short-circuited module
Mp Pat.chwork pattern in 9K to TK (e'mll bypass diodes in short 100%
entire module circuit, erroneous connec-
tion)
Substring(s)  Substring(s) in open cir- 33.3% per
Sh homogeneously warmer 2K to 7K cuit (disconnected cell, suBs tl?irlz
+ heated bypass diode erroneous connection) &
. e Substring in short circuit
Sp PatChWOIk pattern in 2K to TK (bypass diode in short cir- 33% ber
substring(s) . substring
cuit)
Module patchwork ) )
Pid pattern, neighbour 2K to 7K * S.hur.ltb caused by pot.en— up to 100 %
tial induced degradation
modules also affected
Single or multiple o Cracked cell proportional
Cs+/Cm+  cell(s) much warmer > 10K o Shaded cell to number of
than others e Bypass diode absent affected cells
Single or multiple
C cell(s) slightly warmer 2K to 7K * Shunte.d cell negligible
e Delaminated cell
than others
> .r.t.
. . > 3K w.rt ¢ Defective bypass diode
Junction box (diode) nearby . . . -
D . : o High contact resistance in  negligible
overheated junction . .
box junction box
e Cracked cell
o High-resistance connec-
tions
Chs Overheated point > 10K o Broken interconnect rib-  negligible

bon
e Soiling (e.g., bird drop-
ping)
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2.3 IR Thermography for PV Plant Inspection

IR thermography is a cheap, fast, simple, safe, and accurate method frequently used for
the contactless detection of all common PV plant anomalies (see sec. 2.2) based on their
elevated temperatures [25]. It is often performed by drones to speed up recording [16].
The computer vision pipeline developed in this thesis is tailored to IR thermography.
Hence, a basic understanding of IR thermography is required to comprehend the developed
methods.

The following section introduces the measurement principle of IR thermography and
specifies the requirements on the camera, external conditions, and recording procedure.
These requirements must be carefully implemented when recording IR videos for use with
the developed computer vision pipeline to ensure compatibility and the best possible
results.

2.3.1 Measurement Principle

According to Planck’s law, [82] every body in thermal equilibrium with a temperature
above 0 K emits electromagnetic radiation with a wavelength specific to the temperature.
For typical ambient temperatures, this wavelength lies in the thermal IR band of the
spectrum and can be detected by a thermal IR camera.

In the context of IR thermography, the body may be a PV module. The overall radiant
power emitted from the module per unit surface area (called radiant exitance) is given by
the Stefan-Boltzmann law [83] and amounts to

Mpv (Tpv) = EO'T;iV, (21)

where T'py is the module surface temperature, o the Stefan-Boltzmann constant, and e
the emissivity of the module surface material, usually glass.

The IR camera receives not only the radiant exitance emitted by the module Mpy, but
also the fraction of the environment’s radiant exitance Mg that is reflected by the module

Mir = eMpy (Tpv) + (1 — 6) Mg (TE) . (22)

This shows, that the measurement of the IR camera depends solely on the constant
emissivity € of the surface material, the module temperature Tpy, and the radiant exitance
of the environment Mg [28]. As the emissivity of glass is close to 1 and the temperature
of the environment is typically lower than the module temperature, the second term in
equation 2.2 has only a small influence on the measurement. This enables the accurate
measurement of the surface temperature of the PV module that is needed to detect
anomalies.

2.3.2 Camera Requirements

Due to the limited payload capacity of the drone, thermography of PV plants is performed
exclusively with compact and lightweight uncooled microbolometer cameras [25]. However,
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several aspects have to be considered when choosing a camera model to ensure sharp
and accurate images that are useful for inspection [84]. Recommended values for the
thermographic inspection of PV plants in the discussion below are taken from the IEC TS
62446-3 standard [30].

The spectral range is the portion of the radiation spectrum which can be sensed by the
camera. For PV plant inspection, a spectral range of 8 pym to 14 pm is recommended,
corresponding to object temperatures of about —20°C to 350°C [25].

The temperature resolution is the smallest temperature difference that can be resolved
by the camera and is usually expressed as noise-equivalent temperature (NETD). The
maximum NETD recommended for PV plant inspection is 0.1 K, which is easily achieved
by current uncooled microbolometer cameras that offer a NETD of about 50 mK.

The temperature accuracy is the maximum error between the measured and true tempera-
ture of the object. A value of +2 K is recommended for PV plant inspection.

The temperature range defines the minimum and maximum measurable object temperatures.
For PV plant inspection, it should be at least —20°C to 120°C. This is easily achieved by
most IR cameras, which have much larger temperature ranges, e.g., —40°C to 550 °C for
the DJI Zenmuse XT2. Some cameras also have a variable temperature gain allowing for
higher temperature resolution at the cost of a smaller temperature range.

The spatial resolution is the minimum distance of two points in the scene that can be
resolved by the camera. The spatial resolution depends on the detector resolution, the
lens parameters, and the distance between the camera and the object. The minimum
spatial resolution recommended for PV plant inspection is 3 cm, which is equivalent to
5 x 5 pixels per module cell.

The frame rate is the number of images acquired per second. For aerial inspection
with drones, a high frame rate is important to facilitate the capture of blur-free videos
at high flight velocities. While some cameras achieve up to 50 Hz [84], others may be
artificially rate-limited due to export restrictions. For example, the U.S. allows the export
of microbolometer cameras only as long as they are rate-limited to at most 9 Hz [85].

Other aspects to consider are cost, weight, size, and the possible presence of a secondary
visual camera.

2.3.3 External Conditions

Apart from the hardware requirements, IR thermography of PV plants has further require-
ments on the state of the plant and environmental conditions that are specified in the IEC
TS 62446-3 standard [30].

The inspected PV plant must be under operating conditions, in a thermal steady state,
and not partially shaded, e.g., due to nearby infrastructure. Soiling must be low, incurring
at most 10 % reduction in operating current, and homogeneous. No partial shading due to
bird droppings, leaves, or vegetation must be present.
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In terms of the environmental conditions, successful IR thermography requires a minimum
irradiance of 600 W m~2 in the module plane, wind speeds of at most 28kmh~!, and a
maximum of 2 okta of the sky covered by cumulus clouds.

2.3.4 Recording Procedure with Drones

Further requirements of IR thermography relate to the recording procedure. Generally,
there must be no sun reflections on the surface of the PV modules. Moreover, the viewing
angle of the camera should ideally be perpendicular to the module surface, and must not
deviate more than 60° from the module normal to prevent reflections of the background
radiation on the module surface [30].

When using drones, there are additional requirements on the flight path and the camera
trajectory [38, 86], which are usually specific to the inspection software used. For example,
our software requires plant rows to be scanned individually, or in groups of two or more rows
as shown in fig. 2.6. The scanning order is uncritical; however, the same row should not
be scanned multiple times. Furthermore, the heading of the drone should be always kept
constant, the drone must move a sufficient distance in at least two orthogonal directions,
and the camera must not be tilted relative to the drone. The viewing angle does not need
to be nadir but should be kept vertical enough to prevent additional rows from becoming
visible in the background. The scanned row(s) should not be cropped, and no neighboring
rows should become visible at the top and bottom of the video except when changing to
the next row(s). Abrupt movements should be avoided. Instead, the flight velocity should
be constant and slow enough to not cause motion blur. Moreover, the camera should move
monotonically along each row, i.e., never move backward. In case there is no accurate
altitude measurement available, the flight altitude should be kept constant. However, if
the altitude is measured, a constant height over the modules should be maintained and
elevation changes in the terrain should be followed.

2.4 Computer Vision

Computer vision plays a central role in all of our methods and the related works, as it
is used to automate the subtasks of a PV plant inspection system introduced in sec. 1.2.
Hence, the following section provides an overview of several computer vision methods from
the subfields of classic image processing, traditional machine learning, deep learning, and
geometric computer vision, which are relevant to automated PV plant inspection.

2.4.1 Computer Vision Tasks

Fig. 2.7 introduces some computer vision tasks commonly encountered in the automatic
PV plant inspection literature.

PV modules and anomalies are often localized in an image by detecting relevant edges,
axis-aligned bounding boxes (object detection), or pixel-level masks (semantic / instance
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Figure 2.6: Flight procedure for PV plant inspection. Rows are scanned individually (a)
or in groups of two or more (b). Boxes and arrows indicate the viewport and
up-direction of the image, in which rows lie either horizontal (cyan box) or
vertical (green box).

segmentation). Both object detection and instance segmentation differentiate individual
instances of an object, whereas semantic segmentation provides only a single mask for the
entire image.

Image classification is the task of assigning a single class label out of a limited set of class
labels to an image. This is useful for categorizing PV module anomalies based on images
showing a single module. In binary classification, there are only two classes, whereas in
multi-class classification there are more than two classes.

Multi-object tracking aims at connecting bounding boxes or instance masks of the same
physical object in the scene over subsequent images in a sequence (or video). A unique ID
is assigned to each set of boxes or masks serving as a reference to the physical object.

2.4.2 Computational Representation of Images and Video

In computer vision, color images are represented as three-dimensional integer- or real-valued
tensors x € R"*®>4 The first two dimensions correspond to the height h and width w of
the image and the third dimension contains the red, green, and blue color channels (d = 3)
and an optional alpha-channel for transparency (d = 4). Monochromatic images, such
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Figure 2.7: Common computer vision tasks encountered in automatic PV plant inspection
systems are (a) edge detection, (b) object detection, (c) semantic segmentation,
(d) instance segmentation, (e) image classification, and (f) multi-object tracking.

as those produced by an IR camera, have only one color channel (d = 1). Consequently,
they can be represented by a two-dimensional tensor (matrix). Image values resemble the
intensity of each pixel. Visual images typically use 8-bit values (0...255), whereas most
IR images use 16 bits (0...65535) for more accurate temperature quantization. Videos
resemble a sequence of images concatenated along an additional time dimension.

2.4.3 Classic Image Processing

The following section presents classic image processing methods for image enhancement,
edge detection, line detection, and semantic segmentation. These algorithms are frequently
used by the related works to detect PV modules (see sec. 3.3.1) and PV module anomalies
(see sec. 3.4.1) in IR and visual images. Our methods use classic image processing only for
contrast enhancement.

In classic image processing, one or more explicitly programmed algorithms transform a
digital image to perform the tasks presented in sec. 2.4.1.

Image enhancement methods improve an image to make it more suitable for subsequent
processing [87]. This includes contrast enhancements, for example, using histogram
equalization (see fig. 2.8b), the application of Gaussian blur, median blur, or averaging to
smoothen the image and remove high-frequency noise, or the conversion of color spaces,
e.g., color to grayscale, or RGB to HSV.

Semantic segmentation can be performed by image binarization via thresholding [87]. Here,
pixel values of a grayscale image are set to zero or full intensity if they are below or above a
threshold value. In global thresholding (see fig. 2.8¢) a single threshold value is applied to
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the entire image, which is either selected manually or, as in the popular Otsu’s method [88],
computed automatically from the intensity histogram. However, global thresholding does
not work well if brightness varies across the image. In such cases, adaptive thresholding
(see fig. 2.8d) is favorable, as it computes an optimal threshold for each pixel based on the
brightness of the surrounding pixels. Binarization may also involve two threshold values,
which define an interval of pixel intensities to be set to full intensity.

Edge detection in classic image processing can be achieved by computing the first or

second order image derivatives with the Sobel or Laplacian operator, respectively. The
~101

Sobel operator [89] uses two 3 x 3 kernels, K, = 20 %) and K, = ( _61 _(2)2 _(1)1), which are

convolved with the input image to obtain the horizontal and vertical derivative images G,

and G,. Here, convolution means the kernel is moved over the image in a sliding window

fashion and at each pixel the cross-correlation between kernel and the pixels underneath is

computed. The gradient magnitude G = ,/G% + G} highlights edges independently of their
direction (see fig. 2.8¢). The Laplacian operator [87] computes second order derivatives
and highlights regions with quickly varying intensities, such as edges (see fig. 2.8f). The
Laplacian of an image with pixel intensities I(x,y) is defined as L(x,y) = % + % and

0 -1 0
can be approximated by convolution with the kernel K = (—01 4 > Since the Laplacian

operator is very sensitive to noise, often a Gaussian filter is applied beforehand. The
most common method for edge detection is the Canny edge detector [90], which combines
multiple simpler image processing algorithms as follows: (i) smoothing with a Gaussian
filter, (ii) computation of gradient magnitude and direction with the Sobel operator,
(iii) edge thinning with non-maximum suppression based on gradient direction, and (iv)
filtering of edges based on thresholding of the gradient magnitude and analysis of edge
connectivity. An example of Canny edge detection is shown in fig. 2.8g.

Edge detection is often followed by line detection, which identifies predominant lines formed
by sets of colinear points or edge segments in the binary image (see fig. 2.8i). A popular
method for line detection is the Hough transform [91], which uses polar coordinates to
represent a line through a point in image space as a single point in Hough space and vice
versa. This allows transforming the set of all lines passing through a pixel into a single
sinusoid in Hough space. If two or more sinusoids intersect, then the associated pixels
are colinear in image space. Hence, predominant lines in the image can be detected by
identifying those points in Hough space, where enough (greater than a threshold) sinusoids
intersect.

Morphological operations are used to modify the shape of objects in binary images [87].
The two basic morphological operations are erosion and dilation. Here, a structuring
element (a binary kernel) is slid over the input image, and a pixel in the input image is
set to 1 only if all pixels below the kernel are 1 (erosion) or if at least one pixel below the
kernel is 1 (dilation). Erosion erodes shape boundaries, hence is useful for noise removal or
edge thinning. Dilation inflates shape boundaries, and thus can be used to thicken edges
(see fig. 2.8h) or close holes and gaps in an object.
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Figure 2.8: Common classic image processing methods applied to the exemplary IR image
in (a): Histogram equalization (b). Segmentation with global (c¢) and adaptive
threshold (d). Edge detection with Sobel operator (e), Laplacian operator (f),
and Canny edge detector (g). Morphological dilation of the Canny edge image
(h). Line detection in the Canny edge image with Hough transform (i).

2.4.4 Machine Learning

This section briefly introduces several core concepts of machine learning, such as datasets,
feature extraction, predictive models, and model training, using the example of supervised
image classification. These concepts are relevant for the understanding of the subsequent
chapter on deep learning. There are also several related works, which use machine learning
for PV module detection (see sec. 3.3.2) and PV module anomaly detection (see sec. 3.4.2).

As opposed to classic image processing, machine learning systems are not explicitly
programmed to perform a task, but instead, learn a predictive model based on training
data that encodes the task [92].

In PV inspection systems, machine learning is used primarily for supervised image classifi-
cation of thermal anomaly patterns (see sec. 2.2.2) [80, 93|. Here, training data consists
of N pairs of thermal IR images x with the corresponding (numerically encoded) anomaly
class y € {1,2,..., K}. The goal is to learn optimal parameters 6* of a predictive model
fo so that after training, the model can accurately predict the anomaly class of a novel
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thermal image, which may not even be part of the training data. This is achieved through
iterative optimization of an objective function [94]

¥ L L), (23)

where L is the loss function that compares the predicted class § = fy(x) to the ground
truth class y of a single training sample.

0" = arg min
0

A major challenge in machine learning is the high dimensionality of the input space. For
example, a typical 150 x 100 pixel monochromatic IR image lies in a 15000-dimensional
vector space. Most machine learning models do not work well in such high-dimensional
spaces [95, 96]. To overcome this problem, the dimensionality of the data must be reduced.
This can be achieved by computing descriptive statistics (called features), such as mean
and standard deviation, of each training image [97]. The model is then trained on the
extracted features instead of the images. This is possible as the training data lies, according
to the manifold hypothesis, on a low-dimensional manifold in the input space [98, 99].
Each point on that manifold can effectively be described by a much smaller number of
local coordinates, which correspond to the extracted features.

Fig. 2.9 illustrates the principle of machine learning for supervised image classification.
There are many different machine learning classifiers, such as support vector machines
[100], decision trees [101], nearest neighbors [102], and Gaussian processes [103]. They
share the same principle but differ in the concrete realization of the model, objective, and
optimization procedure.
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Figure 2.9: Supervised (binary) image classification with machine learning.

For accurate image classification simple global features, such as mean and standard
deviation, are in most cases not sufficient. Instead, features are used that describe the
local pixel neighborhood at multiple points of interest (called keypoints) in the image
[104]. Commonly used combined keypoint detectors and descriptors are SIFT [105], SURF
[106], ORB [107], and BRISK [108]. FAST [109] and Hessian-Affine [110] are exclusive
keypoint detectors, and LIOP [111], BRIEF [112], FREAK [113], and HoG [114] exclusive
descriptors. A study by Johanson found the combination of Hessian-Affine keypoint
detector with LIOP descriptor to work best for IR images [115].

Two problems prevent the direct use of the so extracted features: (i) The number of
keypoints differs in each image, and (ii) a large number of keypoints in each image results
in a high dimensionality of the feature space. A typical solution is the encoding of features
into a short fixed-length vector by the bag-of-visual-words method [116].

23



2 Background

2.4.5 Deep Learning

Deep learning is a subset of machine learning that has gained a strong interest in the
recent decade and led to impressive advances in many fields [117]. More recent works
on automated PV plant inspection as well as most of our methods, use deep learning to
perform tasks, such as instance segmentation and image classification (see sec. 3.3.3 and
sec. 3.4.3). The following section introduces the most important theoretical concepts of
deep learning. State-of-the-art topics, such as convolutional neural networks, supervised
image classification, instance segmentation, domain shift, and supervised contrastive losses,
will be explained later in sec. 3.1.

The key difference between deep learning and the more traditional machine learning
methods described in sec. 2.4.4 is the use of artificial neural networks as a model to learn
a task end-to-end. This means, that instead of having to manually specify the features to
extract, the neural network can operate directly on the high-dimensional input data and
learn the optimal features for the task at hand.

Artificial neural networks are parametric functions fy, which are composed of stacks of
simple linear constituent functions (called layers) with intermediate non-linear activation
functions. Training is usually performed by stochastic gradient descent [118], which
iteratively computes the gradient of a loss function L (y, fp(x)) with respect to the network
parameters 6 for a single training sample (x,y) (or batch of samples), and then updates
the network parameters to descent in the direction of the gradient towards the global
minimum of the loss function. A single update step of stochastic gradient descent can be
written as

0 = Q_UVHE(ya f@(X)), (24>

where 7 is the learning rate. The gradient can be efficiently computed with the backpropa-
gation of error algorithm [119].

Different tasks have given rise to different types of neural networks, such as fully connected
networks, recurrent networks [120], attention-based networks [121], and adversarial net-
works [122]. For computer vision, the by far most popular network type is the convolutional
neural network (CNN), which uses layers comprised of filters that are convolved with the
inputs [123].

2.4.6 Comparison of Classic Image Processing, Machine Larning, and
Deep Learning

The following section briefly covers the main advantages and disadvantages of classic

methods, machine learning, and deep learning for image processing. These differences are

important for the comparison of state-of-the-art PV plant inspection methods later in
chapter 3.
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Classic Image Processing

Classic image processing methods are often easy to implement, computationally cheap,
and require no labeled training data. However, they do not leverage data to learn from.
Instead, a human domain expert must identify a suitable combination of explicit processing
algorithms and select appropriate hyperparameters to solve the task at hand. The design
space can be large, requiring significant experimental efforts and experience. Furthermore,
the lack of labeled data prevents a systematic evaluation of the obtained algorithm. Thus,
chances are high that the developed solution performs sub-optimally and has a poor ability
to generalize beyond the dataset used for development. This is especially problematic
for PV inspection, where many factors, such as lighting, perspective, image background,
module type, and weather, can vary greatly between inspections.

Machine Learning

Traditional machine learning methods improve upon classic image processing by learning
a task from training data. While this requires creating a labeled training dataset, the
obtained predictive models typically achieve higher task accuracy and generalize better
to unseen data. As compared to classic image processing, the development process of a
machine learning method is more principled, and due to the use of validation data also
more quantitative. This reduces the amount of experimentation and human expertise
required. However, a decent amount of human domain expertise is still needed for the
definition of suitable hand-crafted features.

Deep Learning

Apart from the requirement of labeled training data, deep learning has the disadvantage
of being compute-intensive, typically requiring hardware acceleration for training and
prediction. Neural networks can also be more difficult to interpret than classical image
processing algorithms. However, many methods, such as the grand tour [124] and class
activation maps [125, 126], have been developed for the visualization of trained models.
The major advantage of deep learning is its ability to leverage large quantities of training
data to automatically learn the optimal features for the task at hand. This reduces not
only the amount of human domain expertise and experimentation required, but also yields
more expressive features, as no simplifying assumptions need to be made and neural
networks can learn arbitrarily complex features [127-129]. Consequently, this leads to
predictive models that achieve even higher task accuracy and generalize even better to
unseen data than traditional machine learning models.

2.4.7 Multi-object Tracking

This section covers the common computer vision task of (multi-)object tracking, which we
employ in our publications [1, 3] to group extracted PV module images by module identity.
The objective of object tracking is to connect bounding boxes or instance masks of the
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same physical object, such as a PV module, over consecutive frames of a video [130]. A
unique ID is assigned to each object and the associated instance masks or bounding boxes.
Multi-object tracking performs this task for multiple objects in the scene simultaneously.

Multi-object tracking is a broad topic and there are many ways to accomplish the described
functionality. Thus, we refer the reader to the excellent surveys in [131-134] and limit the
explanation to our method from publication [1] for the tracking of PV module instance
masks.

Fig. 2.10 shows a single tracking step from frame t; to t5. The explanation assumes the
tracker is already initialized, i.e., each segmentation mask in ¢; already has a unique ID
assigned to it. To propagate these IDs to ts, first, keypoints (see sec. 2.4.4) are detected,
described and matched. Based on these matches, a perspective transformation matrix Hio,
which aligns both frames, is estimated. Next, the center points of the segmentation masks
in t; are projected into t5 by means of the perspective transform Hp,. Each projected
center is then matched with the nearest segmentation mask center in ¢, and its ID is
propagated. This step is generally referred to as data association. A frequently used
optimal method for data association is the Hungarian method [135]. However, our method
uses a simpler nearest neighbor search with an upper limit for the distance. Finally, the
track update creates IDs for all new objects in £, and ensures objects that left the frame
are no longer tracked in the next step.

The projection may also be repeated for several frames, before performing the comparatively
slower instance segmentation and data association again. This leads to an overall speedup,
however at the cost of reduced accuracy.

1. Keypoint Extraction & Matching 2. Motion Estimation

Figure 2.10: Principle of multi-object tracking.

2.4.8 Geometric Computer Vision

Geometric computer vision deals with the projection of 3D objects into 2D images, a
process commonly modeled with the pinhole camera model, whose parameters are obtained
through camera calibration. One well-established problem of geometric computer vision

26



2 Background

is structure from motion, which is concerned with the reconstruction of a 3D scene from
multiple observing images. Structure from motion has a large relevance for PV plant
inspection, with many related works using it to create digital PV plant models and
orthophotos from aerial imagery (see sec. 3.5.2 and sec. 3.5.3). In publication [3], we also
use structure from motion for the georeferencing of PV modules.

Pinhole Camera Model

A camera projects 3D scene points onto a 2D image plane. In computer vision, this
projection is typically modeled with the pinhole camera model, which assumes a point-like
camera aperture and no lens [130, 136]. Non-linear distortions introduced by the lens are
modeled in a second step, for example with the Brown-Conrady radial distortion model

[137].
In the pinhole camera model the projection of a 3D scene point X = (X, Y, Z,1)T onto a
2D image point x = (u, v, 1)T is given as

x =7 (K,P,X) = K[R[t] X. (2.5)

Here, P = [R]t] is the camera pose described by the rotation matrix R € R**3 and
translation vector t € R? that transform a point from scene to camera coordinates. They
are referred to as the extrinsic camera parameters. The camera matrix

f: 0 ¢
K=|[0 f ¢ (2.6)
0 0 1

contains the focal lengths f,, f, and the camera center c,,c,, which are the intrinsic
parameters. Note, that the projective relation above uses homogeneous point coordinates

[138].

Camera Calibration

The objective of camera calibration is the estimation of the intrinsic camera parameters
from several views of a calibration target. Additionally, the extrinsic parameters for each
view are obtained as well as the parameters of an optional distortion model. Knowledge of
these parameters facilitates the extraction of metric information from 2D images [139].

A calibration target is a planar object with known geometry and easily detectable features.
Often, a chessboard pattern of black and white squares printed onto a sheet of paper or
cardboard is used. Here, the corners between squares form distinctive features that can be
detected automatically with an image processing algorithm.

In the following, we will briefly outline the calibration algorithm by Zhang et al. [139)],
which is implemented in the popular OpenCV library [140]. This algorithm takes as inputs
the known 3D positions of the chessboard corners (in the local coordinate system of the
calibration target) and the corresponding 2D projections in the images. A closed-form
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solution exists for the computation of initial parameter estimates. These are further refined
by iterative minimization of the total reprojection error

ZZHXZJ _W(K’P%Xj)”;' (2.7)

Here, x;; is the jth corner point detected in image ¢ and 7 (K, P;, X;) is the same corner
projected as per eq. 2.5 using the current parameter estimates. This optimization is often
performed with the Levenberg-Marquardt algorithm [141].

The outlined calibration procedure also applies to thermal IR cameras. However, special
care must be taken to ensure the visibility of the calibration target in IR. To this end, a
printed standard target can be exposed to sunlight, which causes the black squares to
absorb light and heat up more than the white squares [142]. Alternatively, materials of
different thermal emissivity, such as a metal plate and polymer foils, can be combined to
produce a high-contrast IR image [143, 144]. Finally, parts of the target can be actively
illuminated with IR LEDs [145, 146], or actively heated or cooled [142]. Since IR images
are more blurry than visual images, automatic detection of the calibration target features
is challenging and may require special algorithms [147].

Incremental Structure from Motion

Structure from motion (SfM) aims at reconstructing a 3D scene from multiple unordered
2D images of the scene taken from different viewpoints [148]. SfM exploits the motion of
a monocular camera to recover the depth information of the scene that was lost during
projection [149]. Often additional GPS measurements are considered to recover also the
scale of the reconstruction [150]. SfM is typically an offline procedure, requiring the
complete set of images to be available, and can handle millions of images [151, 152].

There are different strategies to solve SfM, such as global [153-155] and hierarchical SfM
[156, 157]. However, the most popular one is incremental SfM [152, 158-160], where one
image at a time is added to the reconstruction in an incremental procedure. There are
several mature implementations available for incremental SfM, such as OpenSfM [161],

Theia [162], VisualSFM [160], and COLMAP [163].

In the context of PV plant inspection, SfM is frequently used for creating orthophotos of
the plant (see sec. 3.5.2) and for georeferencing of PV modules (see sec. 3.5.3).

Fig. 2.11 illustrates a typical pipeline for incremental SfM, which takes as input an
unordered set of images Z = {Iy, [1,...,In,}, the intrinsic camera parameters, and
optionally their measured GPS positions S = {sq,s1,...,Sng}. Outputs are a sparse
3D point cloud of triangulated image keypoints X = {X¢, X, ..., Xy, } and the camera
poses of all images P = {Py, Py,..., Py, }. The following briefly outlines each step of the
pipeline.

Image Matching First, point correspondences are established between pairs of images
by detecting, describing, and matching keypoints, such as SIFT or SURF (see sec. 2.4.4).
Since matching has a prohibitive complexity of O(N?) [164], often candidate pairs are
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Incremental Recontruction

ImagesZ| | 1. Image Matching 3. Image Registration 4. Triangulation Recontruction
E P, . P,
g diny P, |

e

Perspective-n-point

6. Bundle Adjust
@) @)
£ <

(o
ey @ (o)

X @ (o (®)

(o)

Figure 2.11: An incremental structure from motion pipeline for the 3D reconstruction of a
scene from an unordered set of images. Outputs of each step are colored in
green.

obtained beforehand by a fast method based on global image appearance [152, 165],
bag-of-visual-words descriptors [159, 164, 166], preemptive matches [160], or GPS positions
and timestamps [152]. Afterwards, matches are geometrically verified in a RANSAC [167]
scheme, which estimates a transformation that explains the majority of matches and
discards outlier matches [168].

Initialization Next, the reconstruction is initialized from a suitable pair of images, e.g.,
an image pair with a large number of matches and sufficient parallax [169]. Initialization
obtains the camera poses of the two images and triangulates an initial set of 3D points from
the keypoints matched between both images. Since the scene structure is unknown, often
multiple two-view reconstruction methods are employed, such as the five-point algorithm
[170] for general 3D scenes or homography decomposition [171] for planar scenes. The
more appropriate initialization is then selected based on a quality criterion, such as the
reprojection error or transfer error [172].

Incremental Reconstruction Now, the remaining images are added incrementally to
the reconstruction. Typically, the next image to be added is the one with the most matches
to any of the already reconstructed images. Its pose is estimated from correspondences
between reconstructed 3D points and their 2D image projections, which is known as
the perspective-n-point problem [173]. Subsequently, the 3D point cloud is extended by
triangulating keypoints shared between the newly registered image and other images in
the reconstruction [174, 175]. If GPS positions of the images are available, the entire
reconstruction is rigidly transformed, i.e., rotated, shifted, and scaled, to best align
reconstructed and measured camera positions. Finally, bundle adjustment [176] jointly
optimizes all camera poses, intrinsic camera parameters, and 3D scene points by reducing
the total reprojection error as defined in eq. 2.7. This prevents non-recoverable drift of the
reconstruction due to uncertainties in the image registration and triangulation [163]. To
reduce the computational complexity, bundle adjustment may not be performed in every
iteration and may optimize only a local subset of camera poses and scene points [172].
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This chapter is an overview of the state of the art in automated PV plant inspection. First,
state-of-the-art deep learning-based computer vision methods, which are frequently used
in PV plant inspection systems, are introduced. Afterwards, state-of-the-art works on
automated PV plant inspection are presented and their shortcomings are discussed. The
structure of the second part of the chapter corresponds to the subtasks of an automatic
inspection system identified in sec. 1.2. While several of the state-of-the-art works present
an entire automatic inspection system, most works focus only on a subset of tasks, such as
PV module detection, PV module anomaly detection, and PV module localization.

3.1 Computer Vision

Due to its superior performance on tasks like instance segmentation and image classification,
many of our methods and the more recent related works on automated PV plant inspection
use computer vision methods that are based on deep learning. Exemplary uses of deep
learning, discussed later in this chapter, are the detection of PV modules (see sec. 3.3.3)
and PV module anomalies (see sec. 3.4.3), and the automatic derivation of the drone flight
trajectory from satellite imagery (see sec. 3.2).

This section describes state-of-the-art aspects of deep learning-based computer vision. For
theoretical aspects of deep learning see sec. 2.4.5. First, convolutional neural networks and
their use for supervised image classification and instance segmentation are described. Af-
terwards, the common problem of domain shift is elucidated and the supervised contrastive
loss as one possible solution is introduced.

3.1.1 Convolutional Neural Networks

Nowadays, convolutional neural networks (CNNs) are the most frequently used type
of neural network in computer vision. CNNs have recently found their way into PV
plant inspection systems, mainly for two tasks: (i) the detection or semantic/instance
segmentation of PV modules and hot spots in IR images [177-179], and (ii) the supervised
classification of thermal anomaly patterns of individual PV modules [80, 180].

CNNSs are stacks of convolutional layers with intermediate non-linearities and normalization
and pooling layers that extract increasingly abstract feature maps of the input image.

As exemplarily shown in fig. 3.1, each convolutional layer implements a cross-correlation
between the 3-dimensional input tensor and a bank of learnable filter matrices. There
are as many filters as there are channels in the input tensor. Typically, filters are of a
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small spatial extent, such as 3 x 3. To obtain multi-channel outputs, one separate filter
bank is used for each output channel, resulting in a 4-dimensional filter tensor. Inputs are
optionally padded with zeros to control the size of the output.

Input Filters Input Filters Output
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Figure 3.1: Cross-correlation performed by a convolutional layer on a two-channel input
generating a single-channel output.!

Convolutional layers are well-suited to computer vision because they can deal with variable-
sized inputs, act locally on a small neighborhood of input values, are invariant to translation
of the input, and are computationally efficient due to parameter sharing [181].

Apart from the standard convolutional layer, there are special layers, such as 1 x 1
convolutions [182], dilated (atrous) convolutions [183], and depthwise separable convolutions
[184].

Many successful CNN architectures increase the number of output channels in each layer
while simultaneously downsampling the spatial size of the feature maps [181]. Down-
sampling is achieved by pooling layers, which compute the mean or maximum over local
neighborhoods (e.g., of size 2 x 2) in the output feature map [185]. Alternatively, strided
convolutions can be used that skip intermediate locations during the cross-correlation
when sliding the filter matrix over the input tensor [186].

Another feature of many modern CNNs are skip connections, which were first introduced
in ResNet [187]. Skip connections connect layers that are spaced further apart in the
network, improving the backward flow of error gradients during training and effectively
preventing the vanishing gradient problem [188].

As usual in neural networks, a non-linear activation function is applied elementwise to
the outputs of each layer. Due to its simplicity and computational efficiency, the rectified
linear unit ReLLU(x) = max (0, x) is a popular choice for CNNs. However, there exist many
more activation functions [189], for example Sigmoid [190], Leaky ReLU [191], Softplus
[192], GELU [193], ELU [194], and Maxout [195].

'Reprinted from “Dive into deep learning,“ by A. Zhang, Z. C. Lipton, M. Li et al., 2021, arXiv preprint,
arXiv: 2106.11342 [181]. CC BY-SA.
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3.1.2 Supervised Image Classification with CNNs

Supervised image classification with CNNs is one of the earliest and most ubiquitous tasks
in the deep learning literature and many different models, such as AlexNet [196], VGGNet
[197], ResNet [187], ResNeXt [198], MobileNet [199], EfficientNet [200], and ConvNext
[201], have been proposed. A popular training and benchmarking dataset for image
classification is ImageNet-1K, which contains 1.2 million natural images of 1000 different
classes [202]. We employ an ImageNet-pretrained ResNet-50 for supervised classification
of ten PV module anomalies in publication [1].

A typical CNN classifier uses a CNN backbone g, to extract features z = g4 (x) with
z € R? of the input image x. A subsequent linear layer h,, of the form

hy (z) = Wz +b (3.1)

with weight matrix W and bias vector b transforms the features z into a logits vector
o € R where K is the number of classes. Alternatively, a pooling operation can be used
instead of the linear layer. The softmax activation function

exp (0;)

= PO 192, K 3.2
5K oxp (o) (3.2)

o(0);
converts the logits vector into a discrete probability distribution p € R¥X over the K
possible classes, i.e., the outputs of the softmax function are always in the interval (0, 1)
and sum to 1. The predicted class for the input image is then simply § = arg max; (p;).

For training, integer class labels y € {1,2,..., K} of the training data are one-hot encoded
into binary vectors q € R¥ with

1, ifj=
qj={ S (3.3)

0, otherwise.

For example, for a classification problem with three classes, one-hot encoding yields the
binary vectors (1,0,0)7, (0,1,0)7, and (0,0, 1)T for classes 0, 1, and 2, respectively.

This allows to define the categorical cross-entropy loss between the one-hot encoded ground
truth vector q and the predicted probability distribution p of a single training sample as

K
L(a,p) =—>_aq;logp;. (3.4)
j=1
This loss is then used to train both the CNN backbone and the linear layer by stochastic
gradient descent as described in sec. 2.4.5.

In practice, transfer learning or fine-tuning is a frequently used technique [203, 204}, which
speeds up training and yields well-generalizing models even for small datasets. Here, a
model that was previously trained on ImageNet, is trained on a task-specific dataset with
a learning rate that is smaller than the pretraining learning rate. Sometimes, parameters
of the lower CNN layers are fixed and only the higher layers are trained.
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3.1.3 Instance Segmentation with CNNs

Instance segmentation is the task of localizing individual objects in an image by means of
a binary segmentation mask and additionally classifying each object. We use the popular
Mask R-CNN framework [205] to perform instance segmentation of PV modules in our
publications [1, 3]. Apart from Mask R-CNN, other instance segmentation models have
been proposed, such as Cascade Mask R-CNN [206], PANet [207], Hybrid Task Cascade
[208], DetectorRS [209] and many more [210, 211]. CNNs play an essential role in all these
methods. Some common benchmarking datasets for instance segmentation are Microsoft
COCO [212], Cityscapes [213], and Mapillary Vistas [214].

Mask R-CNN belongs to a group of instance segmentation methods that first detect and
classify objects with an object detector (in this case Faster R-CNN [215]) and then generate
a segmentation mask for each object bounding box [216-218].

As shown in fig. 3.2 Mask R-CNN employs a CNN backbone to extract a feature map
from the input image. Different backbones, such as ResNet, ResNeXt, or Feature Pyramid
Networks (FPN) [219], can be used. A separate region proposal network takes the feature
map as input and generates a large number of bounding box candidates (Rols). A special
RoiAlign layer extracts a small feature map (e.g., of size 7 x 7 pixels) for each Rol from the
backbone feature map. Each Rol feature map is then fed into a CNN that classifies whether
the Rol contains only background or an object and of which class the object is (as described
in sec. 3.1.2). The CNN further refines the bounding box via regression. In parallel, each
Rol feature map is fed into another CNN, which outputs a binary segmentation mask of
size m X m for each of the K possible classes. For training, a multi-task loss is defined
as the sum of classification loss, bounding box regression loss, and mask loss. The mask
loss is the average binary cross-entropy loss between the predicted and ground truth mask
after applying a per-pixel sigmoid function. If the ground truth class of the Rol is k, only
the kth mask channel contributes to the loss. At inference time, each object mask is scaled
up via bilinear interpolation and shifted to align with the regressed bounding box.

Region Rol
Proposal :""E'-:,I_)D]--—» Aliogn —O03—m
Input Image CNN ’_' - DDD :

______________________________

R (g — I@ — | Bounding
CNN Feature Rols ! Box

Backbone Map

Figure 3.2: Mask R-CNN instance segmentation framework.
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3.1.4 Domain Shift and Unsupervised Domain Adaption

Domain shift is a frequently observed phenomenon in real-world datasets and refers to the
distributional shift between data used to train a deep learning model and data encountered
during prediction [220, 221].

In publication [2], we find significant domain shift in our dataset of PV module images as
illustrated in fig. 3.3. As can be seen in fig. 3.3a, the images form five distinct clusters
(domains) in feature space that correspond to the PV plants from which the images
originate. The distributional shift between these clusters is substantially larger than the
shift between normal and anomalous images as highlighted in fig. 3.3b. Likely reasons
for this domain shift are differences in (i) ambient conditions, such as irradiance, air
temperature, and cloud cover, (ii) external conditions, such as plant load, soiling, and
shading, (iii) recording conditions, such as camera model, spatial resolution, camera angle,
and (iv) module geometry, cell count, cell technology, orientation, location within the row,
and mounting structure.

It would require an impractically large dataset to densely sample all these factors of
variation. Hence, for datasets the size of ours, every newly added PV plant is very likely
to produce yet another cluster separated from all other clusters by domain shift [222].

Figure 3.3: Illustration of domain shift in a dataset of 620780 IR images of PV modules
from five different PV plants. Half of the modules exhibit a thermal anomaly.
Colors in (a) indicated the plant and in (b) green and red refer to normal and
abnormal PV modules. The figure is based on our publication [2].

In the standard setting of deep learning, training and testing data are sampled uniformly
from all domains [223]. This way, training and testing data share the same underlying
distribution, which results in predictive models that perform well on the testing data [224].
However, this setting ignores domain shift.
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A more realistic setting, which we propose for PV module anomaly detection in publication
[2], is given by unsupervised domain adaption [223, 225]. Here, a deep learning model
is trained on labelled data of one (or multiple) source domains and makes predictions
on another target domain, for which no labelled data is available [223]. This setting is
well suited to PV plant inspection, where labelled training data from several PV plants is
available, and inspection is to be performed on another PV plant, for which no labelled
data can be obtained, as this would be too time-consuming and expensive. In this case,
training and testing data exhibit a distributional shift. Many methods have been proposed
to actively overcome this shift [226-228]. However, a simpler method is to learn more
informative and domain-agnostic features with a supervised contrastive loss [229-232].

3.1.5 Supervised Contrastive Loss for Image Classification

Supervised contrastive losses have recently been proposed as an alternative to the cat-
egorical cross-entropy loss (see sec. 3.1.2) for the training of CNN classifiers [233]. In
publication [2], we use a supervised contrastive loss to learn domain-agnostic features for
binary classification of PV module anomalies. Supervised contrastive losses are a subset
of the broader category of contrastive losses [234, 235] that replace the older triplet [236],
max-margin [237] and N-pair losses [238] for deep metric learning. As opposed to the
cross-entropy loss, which acts on the probability distribution of predicted class labels,
contrastive losses directly optimize the feature space, so that visually similar images lie
close to another in feature space and as far away as possible from visually dissimilar images.
To this end, the contrastive loss groups the images in each iteration into positives and
negatives. Positives are attracted to each other and repelled from all negatives, which, in
addition, are spread evenly over the feature space.

The most popular contrastive loss is the non-parametric softmax classifier [239] with its
variants, such as InfoNCE [240] and NT-Xent [241], which has the following form for the
ith training sample in a batch of M images

exp (2« 2,/T)

L = —log .
0 €XD (2 * 2/ T)

(3.5)

Here, + denotes the dot product between two feature vectors z € R? and 7 € R* is a
commonly used scalar temperature parameter [239, 242]. If there are multiple positives, z,
may be replaced by the mean embedding of all positives [243] or the loss may be computed
separately for each positive and then summed up [233].

In the recently very popular self-supervised setting, individual images [239, 240] and
optionally their augmentations [241, 242, 244, 245] are used as positives, while all other
images are negatives. This yields a feature space that discriminates individual images. As
opposed to this, supervised contrastive losses use images with the same class label (and
optional augmentations) as positives, resulting in a feature space that clusters images
based on their class membership. Since the contrastive loss maximizes the margin between
clusters, the obtained features are more informative than cross-entropy features [233, 246],
which improves domain adaption [229-232] and generalization to unseen classes [246-250].
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Other limitations of the cross-entropy loss are also overcome, such as the poor margin [237,
251, 252] and low robustness to label noise [253-255], corrupted data [247] and adversarial
perturbations [251, 256, 257].

3.2 Data Acquisition

Most works on automated PV plant inspection simply specify requirements on the data
acquisition procedure to ensure recorded videos are suitable for downstream processing.
Many works can utilize both manually and automatically recorded videos. But some
works also require individual images with a specific overlap and sidelap that can only be
recorded with an automated waypoint flight, which is a feature provided by many current
consumer-market drones. To this end, the operator manually specifies the desired drone
trajectory, which the drone then follows automatically.

Several works automate the waypoint planning. For example, Henry et al. [41] detects the
outlines of all rows in satellite imagery of a PV plant using binary thresholding and places
waypoints at the ends of each detected row (see fig. 3.4a). Similarly, Xi et al. [258] and
Sizkouhi et al. [42] extract the boundary of the entire PV plant and compute the shortest
trajectory needed to cover the entire plant (see fig. 3.4b).

Typically, there is an error of several meters between satellite imagery and the actual
geographic feature. Hence, prior calibration is required. Furthermore, GPS measurement
errors can cause the drone to deviate from the desired trajectory. To mitigate these
issues, several works [42, 258-260] propose vision-based row-tracking controllers, which are
executed in real-time on the flight controller and ensure optimal alignment of the scanned
row with the camera center (see fig. 3.4c). In addition, Sizkouhi et al. [42] actively steer
the drone towards abnormal PV modules that are detected directly on the flight controller.

While these methods are promising, they require specialized hardware and embedded
software, increasing the complexity of the inspection system. Hence, they are useful and
economic only for very large plants, where a manual flight would take prohibitively long.

e ]

e

(c)

Figure 3.4: Automation of the data aqusition (a) by waypoint planning from plant rows
detected in satellite imagery,? (b) by waypoint planning from plant outlines
detected in satellite imagery,® and (c) by visual tracking of the scanned row.*
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3.3 PV Module Detection

Many works on automated PV plant inspection first detect individual PV modules before
examining each module for anomalies in a subsequent step. We use the term detection
to refer to all methods that find regions in an image associated with a PV module.
This includes edge detection, semantic segmentation, object detection, and instance
segmentation (see sec. 2.4.1). PV modules are detected either directly in each camera
image [52, 53, 55, 177, 261, 262], or in a composite image (orthophoto or stitched panorama)
of the entire PV plant or parts of it [49-51, 263, 264]. PV module detection is mostly
performed in the thermal IR images [46, 177, 178, 261], but sometimes also in visual images
[49], or both [53, 263]. Some works post-process detected PV module areas by projecting
them onto a rectangle to correct for perspective distortion [53, 55, 265]. While earlier
works utilize exclusively classic image processing methods (see sec. 2.4.3), more recent
works have shown promising results using traditional machine learning (see sec. 2.4.4) and
state-of-the-art deep learning methods (see sec. 3.1).

3.3.1 Classic Image Processing Methods

Many works detect PV modules by combining several classic image processing algorithms,
such as binary thresholding, edge detection, and morphological operations. While each
work uses a slightly different combination of these algorithms, three broader categories
emerge.

Works of the first category isolate the edges of each PV module using Canny edge detection
[42], morphological operations [266], or Sobel and Laplacian operator for computation of
the first and second horizontal and vertical image derivatives [264]. No further processing
is applied to obtain a refined representation of the PV modules.

Methods in the second category detect lines by applying the Hough transform directly on
the image [52], or on the image resulting from prior Canny edge detection [46, 262, 265]
(see fig. 3.5a). As the detected lines may extend beyond the PV modules and there may
be many false positive lines, a post-processing step is required. Here, clusters of horizontal
and vertical lines are formed and lines that deviate too much from the two clusters are
removed. Afterwards, line segments are merged by hierarchical clustering, long lines are
truncated, and missing line segments are added. This yields a line grid representing the
module outlines.

The third category comprises methods that embrace thresholding to segment PV modules.
One group of works utilizes color information by separately thresholding each channel of

2Reprinted from “Automatic detection system of deteriorated PV modules using drone with thermal
camera,* by C. Henry, S. Poudel, S.-W. Lee et al., 2020, Applied Sciences, vol. 10, p. 3802 [41]. CC BY.
3Reprinted from “RoboPV: An integrated software package for autonomous aerial monitoring of large
scale PV plants,“ by A. Moradi Sizkouhi, S. Esmailifar, M. Aghaei et al., 2022, Energy Conversion and
Management, vol. 254, p. 115217 [42]. CC BY-NC-ND.
4Reprinted from “A computer vision line-tracking algorithm for automatic UAV photovoltaic plants
monitoring applications,* by G. Roggi, A. Niccolai, F. Grimaccia et al., 2020, Energies, vol. 13, no. 4, p.
838 [259]. CC BY.
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a color image [49-51] (see fig. 3.5b). The obtained masks are filtered based on area and
aspect ratio to remove spurious detections. The other works in this category do not directly
segment modules, but instead, segment entire rows. Modules are then isolated either by
detecting horizontal and vertical lines using a Sobel operator [261, 267] (see fig. 3.5¢) or
morphological operations [55], or by extracting and filtering rectangular module candidate
regions with the maximally stable extremal regions (MSER) algorithm [53].

All of these methods rely on classic image processing, which has several major disadvantages
(see sec. 2.4.6). Most importantly, due to the small amount of data used in most works, it
is questionable, whether the developed methods generalize across different PV plants.

Figure 3.5: PV module detection (a) by line detection,® (b) by color thresholding,® and (c)
by thresholding of rows with subsequent isolation of modules.”

3.3.2 Machine Learning Methods

To overcome the problems of classic image processing, a few works propose traditional
machine learning methods for PV module detection. For instance, Diaz et al. [177] detect
rectangular candidate regions with classic image processing methods, extract 440 different
texture features, and then use an SVM to classify whether a region contains a PV module
or not. A disadvantage of this method is that it still relies partially on classic image
processing to extract candidate regions.

Template matching is another data-driven method proposed for module detection by
Addabbo et al. [54]. Here, a template image of a single PV module is moved over the input
image in a sliding-window fashion. The normalized cross-correlation between template and
input image is computed at each position and maxima are selected as potential locations of

5Reprinted by permission from Springer Nature Customer Service Centre GmbH: Springer Nature, Image
Analysis and Recognition by Fakhri Karray, Aurélio Campilho and Farida Cheriet [52]. © 2017, all rights
reserved.

6Reprinted from “PV plant digital mapping for modules’ defects detection by unmanned aerial vehicles,’
by A. Niccolai, S. Leva, F. Grimaccia, 2017, IET Renewable Power Generation, vol. 11, no. 10, pp.
1221-1228 [49]. © 2017 John Wiley and Sons.

"Reprinted from “Automatic photovoltaic panel area extraction from UAV thermal infrared images,“ by D.
Kim, J. Youn, C. Kim, 2016, Journal of the Korean Society of Surveying, Geodesy, Photogrammetry and
Cartography, vol. 34, pp. 559-568 [267]. © 2016 Korea Institute of Science and Technology Information.
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PV modules. A disadvantage of template matching is that it does not effectively leverage
larger amounts of available training data, as only a single template image is used. This
also leads to problems when the appearance of PV modules in the image changes, for
example, due to changes in perspective, module type, or module orientation. Furthermore,
it is unclear which image to select as the template.

3.3.3 Deep Learning Methods

Several recent works have applied CNN-based models to PV module detection. Among
the first were Zhang et al. [268], who combine a ResNet-34 with UNet for semantic
segmentation of PV modules (see fig. 3.6a). However, as the method cannot distinguish
individual modules, its applicability is limited. To overcome this problem, Greco et al. [178|
and Pérez et al. [269] use the YOLO object detector to obtain bounding boxes of individual
modules (see fig. 3.6b). However, as the bounding boxes are aligned with the image axes,
they do not accurately represent the outlines of possibly rotated modules. Diaz et al. [177,
263] solve this problem by using Mask R-CNN for instance segmentation, which not only
obtains the bounding box of each module, but also a mask indicating the pixels belonging
to the module (see fig. 3.6¢).

There are also works that detect entire rows or panels of modules using Mask R-CNN for
instance segmentation [270] and R-CNN for object detection [271] (see fig. 3.6d). The
problem of this approach is the strong dependency on the spatial arrangement of the
modules in the panel or row, which can vary between different PV plants. Consequently,
a R-CNN or Mask R-CNN trained in this way may not generalize to a PV plant with a
module arrangement that differs from that of the plant used for training.

= ¥ =% -

Figure 3.6: PV module detection with (a) UNet,® (b) YOLO,? and (c) Mask R-CNN.!° In
(d) entire module tables are detected.'*

8Reprinted by permission from Springer Nature Customer Service Centre GmbH: Springer Nature, Pattern
Recognition and Computer Vision by Zhouchen Lin, Liang Wang, Jian Yan et al. [268]. © 2019, all
rights reserved.
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3.4 PV Module Anomaly Detection

Detection of PV module anomalies is at the core of every automated PV plant inspection
system. Consequently, a vast number of methods for this task have been published in recent
years. Older methods are based exclusively on classic image processing (see sec. 2.4.3),
while more recent ones use machine learning (see sec. 2.4.4) and deep learning (see sec. 3.1).
Despite their differences, all methods make use of the characteristic thermal patterns (see
sec. 2.2.2) to detect anomalous modules in thermal IR images. The term detection is
used generically for all methods. Different methods may frame the anomaly detection
task as semantic segmentation, object detection, binary image classification, or multiclass
image classification. Most works perform anomaly detection on IR images of individual
PV modules, hence requiring preceding PV module detection. Only a few works operate
on the entire camera image [179, 262, 271-273].

3.4.1 Classic Image Processing Methods

The main building blocks of classic methods for PV module anomaly detection are, again,
edge detection and binary thresholding. One of the most simplistic methods by Tsanakas
et al. [56] applies merely Canny edge detection to the IR image to obtain the outlines
of hot regions in the module. No additional processing is performed to handle noise or
spurious edges. They improve on this in a follow-up work by filtering out edges with
short contour lengths [274] (see fig. 3.7a). Wei et al. [262] go even further and analyze a
variety of geometric properties of the detected edges. However, the authors report that
the method fails to distinguish between actual hot spots and sun reflections on the module
surface.

Another simplistic, yet impractical approach is the segmentation of hot spots in the IR
image by non-adaptive binary thresholding [49, 50, 52] (see fig. 3.7b). This is impractical,
as the fixed threshold value must be constantly manually adjusted to account for changes
in the module temperature, for example, due to changes in the momentary irradiance or air
temperature. A possible fix is the use of adaptive threshold values, which are automatically
computed from the statistics of the image intensity histogram [53, 275, 276]. However,
one problem remains. Binary segmentation considers only pixel values and ignores spatial
connectivity of the segmented regions, which can lead to noise and spurious blobs in the
segmentation mask that require further cleaning.

9Reprinted from “Solar panels recognition based on machine learning,“ by R. M. Pérez, J. Solano Arias,
A. Méndez-Porras, 2019 [269]. © 2019 IEEE.

10Reprinted from “Solar panel detection within complex backgrounds using thermal images acquired by
UAVs,“ by J. J. Vega Diaz, M. Vlaminck, D. Lefkaditis et al., 2020, Sensors, vol. 20, no. 21, p. 6219
[177]. CC BY.

1 (Top) Reprinted from “Photovoltaic plant condition monitoring using thermal images analysis by
convolutional neural network-based structure,“ by A. Huerta Herraiz, A. Pliego Marugan, F. P. Garcia
Maérquez, 2020, Renewable Energy, vol. 153, pp. 334-348 [271]. © 2020, with permission from Elsevier.
(Bottom) Reprinted from “Using Mask R-CNN to isolate PV panels from background object in images,“
by M. Sait, A. Erguzen, E. Erdal, 2020, International Journal of Trend in Scientific Research and
Development, vol. 5, no. 1, pp. 1191-1195 [270]. CC BY.
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As a solution, some works grow segmentation masks starting from the hottest pixels in
the image and iteratively include pixels adjacent to already segmented regions if their
intensities meet a criterion [46, 277].

All of these works share the general disadvantages of classic image processing (see sec. 2.4.6).
Another problem is the use of small datasets (median image count of 34, mostly from
a single PV plant) for development and validation (see tab. 3.1), which raises doubts
about the general applicability of the methods. The only exceptions in this regard are
the works by Arenella et al. [52] and Carletti et al. [46], which use 1171 images and 14215
images of multiple PV plants, respectively. As most methods are validated on only a few
images of anomalies with large temperature gradients, such as Cs+, Cm+-, Sh, Sp, and Mp
anomalies (see fig. 2.4), it is also unclear how sensitive the methods are to anomalies with
smaller temperature gradients, such as the important Mh and Pid anomalies. While the
methods may be sensitive to different types of anomalies, most of them do not perform
the additional processing, such as shape analysis, needed to differentiate anomaly patterns.
Hence, they can make at most a binary prediction. However, many of the works do not
even make an actual prediction in the form of a compact single-word or single-digit class
label. Instead, they merely transform the IR image into a different image, such as a binary
mask or edge image.

Figure 3.7: PV module anomaly detection by (a) edge detection,'? and (b) binary thresh-
olding.

3.4.2 Machine Learning Methods

A variety of works have explored traditional machine learning for PV module anomaly
detection. Niazi et al. [93] extract global image features, such as the histogram of oriented
gradients and texture features (homogeneity, contrast, energy, and local binary pattern),
and use these to train a binary naive Bayes classifier. Using the same features, Ali et

12Reprinted from “Fault diagnosis of photovoltaic modules through image processing and Canny edge
detection on field thermographic measurements,* by J. Tsanakas, D. Chrysostomou, P. Botsaris et al.,
2015, International Journal of Sustainable Energy, vol. 34, no. 6, pp. 351-372 [274]. © 2015 Taylor &
Francis.

13Reprinted from “PV plant digital mapping for modules’ defects detection by unmanned aerial vehicles,*
by A. Niccolai, S. Leva, F. Grimaccia, 2017, IET Renewable Power Generation, vol. 11, no. 10, pp.
1221-1228 [49]. © 2017 John Wiley and Sons.
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Table 3.1: Dataset sizes of related works on PV module anomaly detection. Binary
indicates that the method is sensitive to multiple types of anomalies but can
not differentiate them.

Category Work Year Images Modules Plants Anomaly Classes
Classic [276] 2015 <10 3 1 1 Hot spot
[274] 2015 <10 8 1 1 Hot spot
[56] 2016 <10 - 1 1 Hot spot
[275] 2016 1 1 1 1 Hot spot
[52] 2017 1171 84 >1 1 Hot spot
[49] 2017 34 - 1 3 Mh, Sh, Cs+
[50] 2018 34 - 1 3 Mh, Sh, Cs+
[277] 2018 <10 2 1 1 Hot spot
[46] 2019 14215 14215 >1 1 Hot spot
[53] 2020 40 240 1 1 Hot spot
Classic, DL [262] 2019 110 - 1 2 Hot spot, Sun reflection
ML [55] 2016 37 1544 1 3 Mh, Sh, Cs+
[278] 2017 120 120 1 5 Mh, Sh, Cs+, Sp, Soiling
[261] 2017 3 204 1 1 Binary
[54] 2018 270 - 1 1 Hot spot
(93] 2019 375 375 1 2 (Non-)defective hot spot
[279] 2020 315 315 1 2 (Non-)defective hot spot
[280] 2020 1 4 1 1 Hot spot
[281] 2020 3 3 1 2 Mh,Cst
[282] 2021 120 - 1 1 Binary
ML, DL [80] 2020 783 783 1 4 Sh, Mp, Sp, Cs+
[283] 2021 1428 480 1 5 Cs+, Chs, Sh, Cracking, Shading by
another row
[284] 2021 20000 20000 >1 11 Mh, Cs, Cm, Cs+, Cm+, Sh, multi-
ple Sh, Soiling, Cracking, Vegetation,
Shadowing
DL [272] 2018 3336 - 1 1 Binary
[179] 2019 < 10 - 1 3 Sh, Cs+, Open-circuit string
[273] 2020 1009 - 1 3  Mh, multiple Mh, Open-circuit
string
[271] 2020 800 - 1 1 Hot spot
[285] 2020 893 893 >1 1 Binary
[180] 2021 1000 1000 >1 1 Hot spot
[286] 2021 20000 20000 >1 11 Mh, Cs, Cm, Cs+, Cm+, Sh, multi-
ple Sh, Soiling, Cracking, Vegetation,
Shadowing
[42] 2022 3584 - >1 1 Bird droppings
[263] 2022 9000 9000 6 1 Hot spot
[47] 2022 93220 93220 28 5 Mh, Sh, Cs+, Mp, Chs
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al. [279] train multiple binary classifiers, such as an SVM, k-nearest neighbor, naive Bayes,
quadratic discriminant analysis, and bagging ensemble, and Le et al. [284] train an SVM for
the classification of 11 different anomalies. Deitsch et al. [55] also extract global features,
such as module medians, cell-wise medians, histogram skewness, and vertical projections,
and classify three types of anomalies with a cascaded Grubb’s test and Dixon’s Q test.
As global image features lack expressiveness, Dunderdale et al. [80] extract local SIFT
features, encode them with the bag of words method, and train both an SVM and random
forest to classify five types of anomalies. The approach by Su et al. [283] is similar, but
classifies seven anomalies.

Other data-driven methods proposed for anomaly detection are k-means clustering [280],
principle component analysis [282], template matching [54], and fuzzy rule based classifiers
[278, 281].

Machine learning overcomes some of the limitations of classic image processing (see
sec. 2.4.6). Although being larger than those of the classic image processing methods,
the datasets used still have a relatively low median image count of 195 (see tab. 3.1).
And, with exception of the recent work by Le et al. [284], still only a single PV plant
is considered. Training on such small datasets can lead to predictive models that are
overfitted and, therefore, generalize poorly. Furthermore, not all works utilize the ability
of machine learning models to perform fine-grained classification and instead make only a
binary prediction.

3.4.3 Deep Learning Methods

At the start of this thesis, only a few works used deep learning for PV module anomaly
detection [80, 179, 262, 272]. But in the meantime the body of literature on CNN-based
methods for this task has grown rapidly.

Several methods perform anomaly detection directly in the camera image, i.e., without
performing PV module detection beforehand. For instance, Pierdicca et al. [272] perform
binary image classification with a VGG-16 CNN-classifier, predicting whether the camera
image contains any anomalous module or not. The problem is that this method can neither
localize the anomalous module in the image nor does it differentiate between a single
and multiple anomalous modules in an image. These problems can be solved by using
semantic segmentation (see fig. 3.8a), as shown by Oliveira et al. [179], who use a model
based on VGG-16, and a newer work by Pierdicca et al. [273], which uses UNet, FPN, and
LinkNet on top of an EfficientNet backbone. However, semantic segmentation has two
problems. First, it provides only a single binary mask for the entire image, which does
not distinguish between individual modules. Second, it does not classify different types
of anomalies. Object detection solves both problems by detecting the bounding box and
predicting the anomaly class of each anomalous PV module in the image. To this end,
the R-CNN and newer Faster R-CNN object detectors are employed by Huerta Herraiz et
al. [271] and Wei et al. [262] (see fig. 3.8b). However, Huerta Herraiz et al. detect only hot
cells without performing any further classification, and Wei et al. only distinguish between
hot cells and sun reflections. One issue of object detection is the approximation of the
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anomalous region by a rectangular and axes-aligned bounding box. To solve this problem
Pierdicca et al. [273] use Mask R-CNN for instance segmentation, which provides not only
a bounding box but also an accurate binary mask for each anomalous module. They also
classify three different types of anomalies.

Skipping PV module detection, and detecting anomalous modules directly in the camera
image, facilitates the detection of string anomalies. In the case of object detection and
instance segmentation, both PV module detection and anomaly classification are performed
jointly. This means, that only a single neural network needs to be trained. However,
it also reduces the amount of control over each of both tasks. Furthermore, additional
module-wise preprocessing, such as perspective warping or normalization, cannot easily be
applied. Joint learning is also not likely to increase accuracy, as the module location in
the image and anomaly class are not correlated.

Hence, many works first detect PV modules, as described in sec. 3.3, and then perform
anomaly detection on images of individual modules (see fig. 3.8d). The most common
method is supervised binary or multiclass image classification with a CNN-classifier
based on categorical cross-entropy loss (see sec. 3.1.2) [47, 80, 180, 284-286]. Contrary to
recommended practice, many of these works build custom CNN models, which perform well
on the task-specific dataset but may generalize worse to unseen data than the established
CNN backbones, such as VGGNet, ResNet, or MobileNet.

To precisely localize hot spots in the PV module image, Sizkouhi et al. [42] perform
semantic segmentation with a model based on VGG-16. Similarly, Su et al. [283] and
Vlaminck et al. [263] use the R-CNN and Faster R-CNN object detectors (see fig. 3.8¢).
The problem with these approaches is that not all anomaly patterns are localized but
instead spread over the entire module. Examples are the Mh, Mp, and Pid anomalies
(see fig. 2.4). The three works do not encounter this problem, as they consider only those
anomalies that are localized, such as hot cells and pointlike hot spots.

Several works find by quantitative comparison that deep learning outperforms traditional
machine learning [80, 283, 284] and classic image processing [262] for the task of anomaly
detection. A small weakness of CNNs is the lower sensitivity to anomalies with a small
spatial extent in the image [283, 286].

The works existing at the start of this thesis used small datasets of 110 [262], 783 [80],
and 3336 [272] images of one PV plant. Even considering recent publications, the median
dataset size has grown to only 1220 images and seven out of the 14 reviewed works still
use data from only a single plant (see tab. 3.1). As mentioned before, such small and
low-variance datasets are likely to produce models that do not generalize well. This is
even more critical for deep learning than for machine learning, as model capacity is much
larger, requiring larger amounts of data to prevent overfitting. However, three very recent
works use sufficiently large datasets. Zefri et al. [47] use 93220 images of five different
anomaly patterns from 28 PV plants, and both Alves et al. [286] and Le et al. [284] use a
dataset published by Millendorf et al. [287], which contains 20000 images of 11 anomaly
types (see fig. 3.8d). Another important aspect of the dataset is the range of anomaly
classes considered. Only a few works use datasets containing all major anomaly classes
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[47, 283, 284, 286]. All other works use incomplete datasets, which may result in models
that are insensitive to most anomalies occurring in practice. Nevertheless, training on
incomplete datasets is an important topic that requires attention, as there will always be
yet another rare anomaly class not considered in the training dataset. However, none of
the reviewed works addresses this issue.

Another important shortcoming of all works in this section is that they sample training
and validation data uniformly from the entire dataset, which disregards the problem of
domain shift explained in sec. 3.1.4.
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Figure 3.8: Detection of anomalous PV modules in the camera image by (a) semantic
segmentation [179], and (b) object detection.'® In (c) anomalies are localized
within a module image by object detection.'® (d) Shows the 11 classes of the
anomaly dataset by Millendorf et al. [287] used in several works.

3.5 Localization of PV Modules in the Plant

Localization is the task of obtaining the position of each PV module in the plant, which is
essential for guiding maintenance crews when performing repairs. Localizing PV modules
from only an aerial video or a set of aerial images is challenging as the images are highly
repetitive and typically show only a few PV modules at a time. Several approaches for
localization have been proposed in the literature. While a few works provide only a
relative module location inside a plant row [49, 50, 264], most works obtain either absolute
geolocations [41, 47, 54, 56, 70, 288, 289], or absolute locations based on a schematic site
plan of the plant [51]. For absolute geolocations, the GPS trajectory of the drone is used
in combination with the imagery.

14 Reprinted from “Hotspots infrared detection of photovoltaic modules based on hough line transformation
and Faster-RCNN approach,“ by S. Wei, X. Li, S. Ding et al., 2019 [262]. © 2019 IEEE.

15(Left) Reprinted from “Region-based CNN for anomaly detection in PV power plants using aerial
imagery,“ by M. Vlaminck, R. Heidbuchel, W. Philips et al., 2022, Sensors, vol. 22, no. 3, p. 1244 [263].
CC BY.
(Right) Reprinted from “Automated overheated region object detection of photovoltaic module with
thermography image,“ by Y. Su, F. Tao, J. Jin et al., 2021, IEEE Journal of Photovoltaics, vol. 11, no.
2, pp. 535-544 [283]. © 2021 IEEE.

16Reprinted from “Remote anomaly detection and classification of solar photovoltaic modules based on
deep neural network,“ by M. Le, V. S. Luong, D. K. Nguyen et al., 2021, Sustainable Energy Technologies
and Assessments, vol. 48, p. 101545 [284]. © 2021, with permission from Elsevier.
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3.5.1 Direct Georeferencing

Direct georeferencing is used for PV module localization by [54, 271, 288]. The method
detects PV modules in each video frame and directly projects the module center from
image coordinates into a geographic coordinate system using the known camera parameters,
and measured position, height, and heading of the drone [290].

Direct georeferencing is simple and computationally cheap but requires centimeter-accurate
estimates of the position, heading, and altitude of the drone, which are difficult to obtain.
This as well as the missing consideration of visual cues makes direct georeferencing prone
to GPS measurement errors. Furthermore, the camera needs to always point vertically
downwards, as any roll or pitch movements lead to errors in the position estimate, making
drone operation more complicated. Furthermore, site elevation is not considered, leading
to problems with PV plants in hilly terrain.

3.5.2 Orthophoto

A common approach for PV module localization is the creation of a georeferenced or-
thophoto of the entire PV plant (see fig. 3.9) from a smaller number of nadiral images
acquired at a higher altitude of 25m to 150 m (depending on the camera) [47, 56, 70, 263,
289]. To this end, usually, a software like OpenSfM [161], Pix4D [291] or OpenDroneMap
[292] is used. PV modules and module anomalies are detected directly in the orthophoto.

To create an orthophoto, first, a georeferenced 3D reconstruction (point cloud) of the
PV plant as well as the 6D camera poses of all images are obtained for example with
incremental SfM (see sec. 2.4.8). Next, a triangular mesh is computed from the 3D point
cloud. For each mesh vertex, the image whose normal is closest to the vertex normal is
selected. Projecting these images onto the mesh vertices yields the orthophoto, which is
further refined by texture and color adjustments [293].

The orthophoto is advantageous for PV module localization as it provides the absolute
geocoordinates of each module, is flexible regarding the plant layout, and facilitates fast
inspections as images are captured at a high altitude. As opposed to direct georeferencing,
both GPS and visual cues are considered, which increases robustness towards GPS
measurement errors. Often standard GPS is sufficient, and no special RTK-GPS is
required. On the downside, the method is computationally expensive and high flight
altitudes may not be feasible if there are nearby streets, train tracks, or power lines.
Furthermore, images with well-defined overlap and sidelap are required limiting the
approach to automated flights. The high flight altitude also results in a lower image
resolution, which, in combination with potential visual artifacts in the orthophoto, can
negatively impact downstream module and anomaly detection. As each module is visible
in only a few images, the amount of data resulting from an orthophoto is comparably
small, limiting its usefulness for the creation of large machine learning datasets.

1"Reprinted from “Smart inspection of a solar farm using drones,“ 2015, https://www.pix4d.com/blog/
smart-inspection-of-a-solar-farm/ [294]. © 2015 Pix4D SA, all rights reserved.
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Figure 3.9: Orthophoto for PV module localization. (a) Reconstructed camera poses and
point cloud with projected textures.!” (b) Orthophoto created from thermal
IR images.'®

3.5.3 Georeferencing with Structure from Motion

Similar to the orthophoto-method, Lopez-Ferndndez et al. [48] use SfM to obtain a
georeferenced 3D reconstruction of the PV plant in the form of a dense point cloud. They
complement the point cloud with temperature measurements from the IR image and
intensity values from the visual image and perform PV module detection and anomaly
detection directly in the resulting 5D point cloud (see fig. 3.10).

This method shares most of the advantages and disadvantages of the orthophoto method.
As an additional advantage, basing the SfM procedure on visual instead of IR images, is
likely to improve reconstruction accuracy and robustness, due to the higher resolution of
visual images. However, this also requires a camera that simultaneously records visual and
thermal IR images. The biggest disadvantage of this method is the need for specialized
algorithms to perform PV module and anomaly detection directly in the 5D point cloud.
This means the method cannot benefit from the large corpus of readily available image-
based methods for these tasks.

3.5.4 Panorama Stitching

Several works propose panorama stitching for PV module localization [49, 50, 264]. Here,
an image series with specified overlap and sidelap is recorded for each plant row from a low
altitude of about 15m. Keypoints are extracted from each image and matched between
subsequent images. Based on matched point pairs homographies are computed that align
subsequent images and transform all images into a common panorama image (see fig. 3.11).
Constituent images of the panorama are blended to create smooth boundaries and reduce

18Reprinted from “Photovoltaic plant inspection with thermal camera,“ 2019, https://www.
drone-thermal-camera.com/photovoltaic-plant-inspection-with-thermal-camera/ [295]. ©
2019 Workswell, all rights reserved.

YReprinted from “Automatic evaluation of photovoltaic power stations from high-density RGB-T 3D
point clouds,“ by L. Lépez Ferndndez, S. Lagiiela, J. Fernandez-Hernandez et al., 2017, Remote Sensing,
vol. 9, no. 6, p. 631 [48]. CC BY.
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Figure 3.10: Detection and localization of (a) PV modules and (b) module anomalies in a
dense 3D point cloud of a PV plant that is obtained with SfM.*

visual artifacts. Finally, PV modules are detected in the panorama image and enumerated,
yielding the relative position of each module in the current row.

Panorama stitching has a moderate computational complexity, requires no GPS trajectory,
and produces high-resolution imagery due to the low flight altitude. However, panorama
stitching yields only relative locations, requires manual grouping of the images belonging
to each plant row, and needs images with well-defined overlap and sidelap that can only
be acquired with an automated flight. Furthermore, due to the sequential nature of the
approach, errors add up and can lead to large deviations in the image alignment for long
sequences. Together with visual artifacts introduced by the image blending, this can
negatively impact downstream module and anomaly detection.

Figure 3.11: Individual images (a) are stitched into a panorama (b), in which PV modules
are detected (c).?

3.5.5 Panorama Stitching with CAD-Plan Matching

To obtain absolute module locations, Niccolai et al. [51] match panorama images of each
PV plant row with a CAD plan of the plant (see fig. 3.12). The matching is based on the
mean geolocation of all images in a panorama and the geolocation of the plant row as
specified in the CAD plan.

20Reprinted from “PV plant digital mapping for modules’ defects detection by unmanned aerial vehicles,“
by A. Niccolai, S. Leva, F. Grimaccia, 2017, IET Renewable Power Generation, vol. 11, no. 10, pp.
1221-1228 [49]. © 2017 John Wiley and Sons.
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While this approach yields absolute module locations with respect to the CAD plan, it
requires a standardized CAD plan, which is often not available.

(c)

Figure 3.12: Matching of (a) image positions to (b) a CAD plan to obtain (c) absolute PV
module locations.?!

3.5.6 Naive Drone Position Logging

A straightforward localization method is to mark the GPS position of the drone on a map
whenever the corresponding video frame contains an anomalous PV module [41, 56] (see
fig. 3.13). This method is very simple and requires no additional computation but provides
only an approximate location of the anomalous module. A manual search is required to
identify, which module in the plant refers to the anomalous module in the video frame.

Figure 3.13: Naive logging of the drone position for images with anomalous PV modules.??

21Reprinted from “Advanced asset management tools in photovoltaic plant monitoring: UAV-based digital
mapping,“ by A. Niccolai, F. Grimaccia, and S. Leva, 2019, Energies, vol. 12, no. 24, p. 4736 [51]. CC
BY.

22(a) Reprinted from “Advanced inspection of photovoltaic installations by aerial triangulation and
terrestrial georeferencing of thermal/visual imagery,“ by 1. A. Tsanakas, L. Ha, and F. Al Shakarchi,
2016, Renewable Energy, vol. 102 (Part A), pp. 224-233 [56]. © 2016, with permission from Elsevier.
(b) Reprinted from “Automatic detection system of deteriorated PV modules using drone with thermal
camera,“ by C. Henry, S. Poudel, S.-W. Lee et al., 2020, Applied Sciences, vol. 10, p. 3802 [41]. CC BY.
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4 Scientific Contributions

This chapter summarizes and discusses our main contributions to the field of automated
PV plant inspection. In addition, rationales are provided for many of the method and
design choices made, and different methods developed for the same task are compared with
each other. The chapter structure is based on the subtasks of an automatic inspection
system introduced in sec. 1.2.

4.1 Data Acquisition

For the development of our methods, we recorded IR videos of ten different utility-scale
PV plants in Germany, containing a total of 152669 PV modules (97.7 % of which are c-Si
modules). The videos were recorded with two different models of the DJI Zenmuse XT2
IR camera, one with 13 mm focal length and 8 Hz frame rate and one with 19 mm focal
length and 30 Hz frame rate. The use of videos allowed us to collect about 40 images per
module, resulting in a total of 6561419 extracted module images, which we used to train
our PV module anomaly detection methods.

4.2 PV Module Detection

In publication [1] we propose a pipeline for PV module detection, which we reuse in
publication [3]. Fig. 4.1 illustrates this detection pipeline.

Extract rectified
module patches

Video frames | — | Segment PV modules | — | Track PV modules | —

E_)E

Figure 4.1: Our proposed pipeline for PV module detection based on instance segmentation
and multi-object tracking.

We make use of the advantages of deep learning and use the Mask R-CNN instance
segmentation framework (with a ResNet-101-FPN backbone) to segment PV modules in
each IR video frame. Training and validation of Mask R-CNN are performed on a large
dataset of 1165 IR images with a total of 35463 PV modules originating from seven different
PV plants. We opt for instance segmentation, as it differentiates individual modules and
provides a segmentation mask for each module, which accurately describes the corner
points of each module. The corner points are needed for the cropping and downstream
localization of each module. Even though there were already newer instance segmentation
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frameworks available, we still chose Mask R-CNN, due to its popularity and availability of
several mature implementations, which are more performant, less buggy, and easier to use
than those of the cutting-edge methods. A quantitative analysis in publication [1] shows
that our trained Mask R-CNN achieves a high segmentation accuracy (F1-score of 90.51 %
on the validation set) and generalizes well across different ground-mounted PV plants,
even those not considered in the training dataset.

We do not only segment PV modules in each image, but we also employ multi-object
tracking to associate detections of the same module over subsequent video frames. This is
the main enabler of the huge datasets generated by our methods. While it would be possible
to extract the same large number of module images from the video without tracking, the
resulting dataset would be of little use, as there would be no information about which of
the images belong to which PV module. Hence, tracking helps to increase the accuracy of
anomaly reports, as ambiguities, in which the same module is analyzed multiple times, are
resolved. Tracking also enables aggregation of downstream anomaly detection results over
multiple images of the same module, which increases prediction accuracy. Furthermore, it
clears the way for filtering of module images with sun reflections, since sun reflections are
non-stationary over subsequent module images, whereas the thermal anomaly pattern is
stationary.

4.3 PV Module Anomaly Detection

Due to the importance of anomaly detection for automatic PV plant inspection, we
developed three different methods for this task. The first two methods, published in
publication [1] and [2], utilize CNNs for supervised image classification, while the last
method from publication [3] uses temperature differences in a local neighborhood of
modules to identify anomalies. All three methods work on IR images of individual PV
modules that are extracted beforehand as described in sec. 4.2.

4.3.1 Supervised Image Classification with ResNet

In publication [1], we perform supervised image classification of thermal anomaly patterns
using a ResNet-50 classifier that is trained with categorical cross-entropy loss (see sec. 3.1.2).
Since this is a standard problem in deep learning, we follow the recommended practice in
terms of data preprocessing, data sampling, data augmentation, optimization procedure,
and evaluation metrics. We also follow the common practice of using a model that is
pre-trained on the ImageNet-1K dataset, which saves training time. We choose ResNet, as
it is very popular and old enough so that there are mature implementations available, which
are performant, bug-free, and easy to use. But ResNet is also novel enough, to have solved
many of the initial problems of earlier CNNs, such as AlexNet, GoogLeNet, and VGGNet.
ResNet is available with different model capacities. While the highest-capacity model may
have improved classification accuracy, we use the intermediate model, ResNet-50, due to
hardware limitations and to achieve faster training. We train on a large dataset containing
images of 453511 PV modules from seven different plants. Furthermore, we aggregate class
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predictions over multiple images of the same PV module, which is possible as our dataset
contains about 40 images per module. As we show, this improves classification accuracy
from 84 % to 90.9%. Finally, we propose to use class activation maps and inspect the
dataset embedded in the learned feature space, to ensure sensible behavior of the classifier.

4.3.2 Unsupervised Domain Adaption with Supervised Contrastive
Learning

When inspecting our anomaly classification dataset from publication [1], we noted significant
domain shift between IR images originating from different PV plants (see sec. 3.1.4). Hence,
sampling training and testing datasets uniformly from all domains (PV plants), as done
in our publication [1] and in all related works until today, is not a realistic scenario for
practical applications. Instead, we propose in publication [2] to frame anomaly classification
as an unsupervised domain adaption problem, where the classifier is trained on data of one
plant (source) and evaluated on data of another plant (target). This is a more practical
setting, as the anomaly detection method must perform accurately on a new PV plant
without requiring fine-tuning on labeled images of that plant.

In publication [2], we reuse the anomaly dataset from publication [1]. However, we perform
only a binary anomaly classification, to account for the more difficult problem setting and
facilitate a more fundamental investigation of the domain shift. We train a ResNet-34 CNN
with a supervised contrastive loss (see sec. 3.1.5) and employ a k-NN classifier on top of
the learned contrastive features (see fig. 4.2). We choose a supervised contrastive loss, as it
provides more informative features than the categorical cross-entropy loss [233, 246], which
improves domain adaption. Another reason for our choice of supervised contrastive features
in combination with a k-NN classifier is the improved sensitivity to out-of-distribution
samples [248, 296], which facilitates the detection of unknown types of anomaly, i.e.,
anomalies which are not part of the training dataset. While the cross-entropy loss trains
both the CNN backbone and classifier simultaneously, the contrastive loss exclusively
trains the CNN backbone. Hence, the classifier needs to be trained in a subsequent step.
We opt for a k-NN classifier due to its simplicity and ease of interpretation. Like in
publication [1], we find that aggregating predictions over multiple images of the same PV
module increases prediction accuracy. Furthermore, we propose to analyze how sensitive
the anomaly detection method is to changes in the hyperparameters since a low sensitivity
to changes is important for a truly practical method.

4.3.3 Temperature Distribution for Anomaly Detection

In publication [3], we propose an anomaly detection method that is not data-driven but
instead based on the spatial distribution of mean or maximum module temperatures
(see fig. 4.3). The method requires preceding PV module localization, as it needs to
know which modules are adjacent to each other. This information allows computing the
difference between each module’s maximum temperature and the median of the maximum
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Figure 4.2: Our proposed binary classifier for PV module anomalies trained with a super-
vised contrastive loss in an unsupervised domain adaption setting.

temperatures of the neighboring modules, effectively highlighting modules with thermal
anomalies.
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Figure 4.3: Map of a PV plant revealing anomalous PV modules by plotting trend-corrected
maximum module temperatures.!
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This temperature-based anomaly detection method solves a few problems of the CNN-based
methods presented above. Above all, it can detect string anomalies. This is important,
as string anomalies have a large impact on the overall power and yield of the plant. The
temperature method is also more sensitive to anomalies with a small spatial extent in the
image (D and Chs anomalies). Furthermore, open-circuited modules (Mh anomaly) can
be detected accurately. This is something the CNN classifiers cannot do, as they consider
only the relative temperature differences within each module but not between modules.
On top of that, the temperature method is easier to interpret, as it is based on a physical
model, and requires no hardware acceleration, no labeled training data, and no training
phase. The absence of data also means there is no problem with domain shift.

However, the temperature method also comes with several important disadvantages. For
instance, it cannot differentiate multiple types of anomalies and is less sensitive to anomalies

'Reprinted from “Georeferencing of photovoltaic modules from aerial infrared videos using structure-from-
motion,* by L. Bommes, T. Pickel, C. Buerhop-Lutz, et al., 2022, Progress in Photovoltaics: Research
and Applications [3]. CC BY.
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with small temperature gradients, such as the important Pid anomaly. There is also no
easy way of improving the sensitivity to certain anomaly classes or the overall classification
accuracy, which is possible for the CNN classifiers simply by extending the training data or
using a higher-capacity model. Because of these disadvantages, the temperature method
should not replace the CNN classifier but instead complement it.

4.4 Localization of PV Modules in the Plant

We developed two different approaches for the localization of PV modules in the PV plant.
In publication [1], we propose a graph matching procedure, which assigns a human-readable
ID from a manually created plant description file to each PV module. As this method
has several disadvantages, we develop a more capable method in publication [3], which
georeferences PV modules using incremental structure from motion.

4.4.1 Graph Matching with Plant Description File

The graph matching procedure (see fig. 4.4) proposed in publication [1] creates two graphs
for each row of the PV plant, which encode the spatial relationship of PV modules. The
first graph contains random tracking IDs of the PV modules that are segmented and
tracked in the video. The second graph contains human-readable module IDs as specified
in a manually created plant description file. Matching the two graphs yields an assignment
between the tracking IDs and human-readable module IDs, which facilitates the localization
of each module in the plant.

__________________________________________________

Plant file
(Plant IDs)

¥

Plant graph

11 12 13 14

| Video frames | | Filter front row |

21 22 2.3 24

i |—> Match graphs J

Track IDs 2bc 1c¢9 lce
v v

v
Patches indexed Patches indexed
by track ID by plant ID
2bc fa3 lcc 1.1 2.3 2.9

Figure 4.4: Graph matching for PV module localization.

Advantages of this method are the low computational complexity, and the low required
accuracy of the measured GPS trajectory. Furthermore, the method can directly operate on
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Figure 4.5: StM-based georeferencing for PV module localization.

videos and does not require nadiral images or images with a specific overlap. However, the
greatest advantage of this method is that it provides not only the location of PV modules in
the plant but also their electrical connectivity if this information is encoded in the module
IDs in the plant description file. Additionally, assigning IDs to each detected module also
facilitates easy integration of other data sources, such as electrical measurements. Such
additional data is needed to interpret the influence of detected anomalies on the power
and yield of the plant.

Despite its advantages, graph matching has several important disadvantages. Most
importantly, it has a low degree of automation, involving several manual steps. For
instance, the plant description file must be created in a time-consuming manual process,
as no standardized file formats for the description of PV plants have been established
yet. Moreover, the method operates on each PV plant row individually, requiring the
video to be manually split into sections according to the rows of the plant. Finally, graph
matching has four possible solutions, which can only be disambiguated with a manually
provided seed match. Another important disadvantage of the method is that it works
only for plants with a regular row-based layout, which excludes most rooftop plants and
floating PV plants. Also, irregularities within the rows, e.g., missing or shifted modules,
cannot be handled. Other cases that cannot be handled are tracking errors, e.g., when the
current row drifts out of the video frame, and the intrusion of additional rows at the top
or bottom of the video frame. The latter necessitates an additional filtering algorithm
to discard rows that become visible in the background at low camera angles. Due to the
sequential nature of the method, a single error means that the entire plant row cannot
be localized. Hence, data acquisition needs to be performed carefully. Nonetheless, the
method manages to localize 87.8 % of the 122865 PV modules used in publication [1].

4.4.2 Georeferencing with Incremental Structure from Motion

In publication [3], we propose an improved PV module localization method that uses
incremental SfM to obtain absolute geocoordinates of all PV modules detected in the video
(see fig. 4.5). This allows to plot analysis results, such as the results of anomaly detection,
on a geographic map, which is intuitive and shows the distribution over the entire PV
plant, possibly providing further insights.

The method uses SfM to obtain a georeferenced 3D point cloud and 6D camera pose of
each video frame in a subset of previously selected keyframes. The point cloud is then
discarded and the camera poses are used to triangulate the corner points of detected and
tracked PV modules into the reconstruction, yielding their geocoordinates (see fig. 4.6).
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Figure 4.6: SfM reconstruction of a PV plant.? (a) Reconstructed feature points (grey) and
camera poses (blue line and black camera frustrums), (b) with triangulated

PV modules, and (c) top-down view on the triangulated modules of an entire
PV plant.

Table 4.1: PV module throughput and resolution for simultaneous scanning of one, two,
and three rows. Results are taken from our publication [3] and are measured
on 2376 PV modules (~ 0.56 MW,,) distributed over 12 rows of a PV plant.

One Row Two Rows Three Rows
Flight distance 1307 m 681 m 461 m
Flight duration 707s 338s 189s
Average module resolution 141px x 99px 73 px x 50px 46px x 33 px
Module throughput 3.36s71 7.03s571 12.57s7!

Georeferencing with SfM overcomes many of the disadvantages of the graph matching-
based PV module localization from publication [1]. For instance, it is fully automated,
requiring no previous splitting of the video or creation of a plant description file. The
new method is also independent of the plant layout, hence can deal with irregularities in
the plant rows and can be applied to other types of plants, such as rooftop and floating
plants. It is also more robust towards data acquisition errors, not only simplifying the
drone operation, but also increasing the success rate of module localization to 99.3 %
in our experiments. Another advantage is that multiple plant rows can be processed
simultaneously (see fig. 4.7). This facilitates a trade-off between throughput and image
resolution of PV modules (see tab. 4.1).

2Reprinted from “Georeferencing of photovoltaic modules from aerial infrared videos using structure-from-
motion,* by L. Bommes, T. Pickel, C. Buerhop-Lutz, et al., 2022, Progress in Photovoltaics: Research
and Applications [3]. CC BY.
3Reprinted from “Georeferencing of photovoltaic modules from aerial infrared videos using structure-from-
motion,* by L. Bommes, T. Pickel, C. Buerhop-Lutz, et al., 2022, Progress in Photovoltaics: Research
and Applications [3]. CC BY.
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Figure 4.7: Top row: Scanning one, two and three PV plant rows simultaneously. Bottom
row: Resulting SfM reconstructions of modules and drone trajectory.®
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This chapter discusses the improvements made by our contributions, presented in chapter 4,
over the state-of-the-art methods for automated PV plant inspection, which were introduced
in chapter 3.

5.1 Data Acquisition

Like the majority of the related works, all of our methods operate solely on thermal IR
imagery. Opposed to some related works that rely on both visual and IR imagery [48, 49,
53, 263], this allows for the use of an IR-only camera instead of a more expensive dual
IR /visual camera and renders complex registration of visual and IR imagery needless.

While most of the related works are based on the acquisition of individual images, our
methods work with IR videos instead, which has several advantages. Most importantly,
videos have a large redundancy, i.e., each PV module is visible in many subsequent video
frames. This significantly reduces the effort required to generate the very large datasets
that are needed for the training of deep learning methods. Videos also facilitate faster and
easier data acquisition than images, as they can be captured when flying at a constant,
and possibly high, velocity. Furthermore, videos can be acquired both with an automated
and a manual drone flight. In contrast, to take individual images, the drone must either
stop, or the image capture has to be synchronized with the current position of the drone
to ensure the correct overlap of the images. This always requires an automated flight,
which needs to be planned beforehand. However, automated flights make sense only for
large plants, whereas for small plants the flight planning and required GPS calibration can
take more time than a manual flight performed ad-hoc. The large redundancy of videos
is also advantageous for localizing PV modules via panorama stitching (see sec. 3.5.4),
orthophoto (see sec. 3.5.2), or incremental structure from motion (see sec. 3.5.3). Typically,
for this, individual images are captured with a predefined overlap and sidelap. If at any
point the overlap or sidelap is insufficient, there is no way to fix this apart from repeating
the data acquisition. However, when using video, one can solve this problem simply by
subsampling another set of video frames.

In terms of size, our acquired dataset (see sec. 4.1) is the current state of the art with
6561419 IR images of 152669 PV modules from ten different plants. The extent of our
dataset compared to the related works is illustrated in fig. 5.1. As compared to the
second-largest dataset by Zefri et al. [47], our dataset contains 70 times as many images
and 63.7 % more PV modules. And compared to Carletti et al. [46], which was the state of
the art at the time of our publication, our dataset contains 461 times as many images and
more than ten times as many modules. As we use deep learning for PV module detection
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and anomaly detection, such large training datasets are essential to ensure trained models
generalize across different PV plants and are sensitive to all types of thermal anomalies.
Large datasets also facilitate the detection of rare types of anomalies, which affect only a
handful out of thousands of modules.
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Figure 5.1: Size of our dataset (colored magenta) versus the related works in terms of
the numbers of (a) images and PV modules, (b) anomaly classes, and (c) PV
plants. The plot is based on data from tab. 3.1. Binary indicates that the
method is sensitive to multiple types of anomalies but cannot differentiate
them.

Another important aspect is the information content of each image, described, for instance,
by the spatial resolution. The average image resolution in our dataset is 141 px x 99 px
(see tab. 4.1). Assuming module dimensions of 160cm x 100cm, this translates to a
spatial resolution of 1.13 cm, which is almost three times smaller than the maximum of
3 cm recommended by the IEC TS 62446-3 standard [30] (see sec. 2.3.2). Compared to
this, the datasets by Zefri et al. [47] and Millendorf et al. [287] (used by Alves et al. [286]
and Le et al. [284]) do not fullfill the IEC standard with spatial resolutions of 5cm and
3cm to 15 cm, respectively. Furthermore, the dataset by Millendorf et al. contains only
preprocessed images without absolute temperature values, limiting its usefulness.

5.2 PV Module Detection

The majority of related works use classic image processing and traditional machine
learning methods for PV module detection (see sec. 3.3.1 and sec. 3.3.2), which have
many disadvantages and generally perform worse than deep learning-based methods (see
sec. 2.4.6). Hence, several more recent works, including this thesis, employ deep learning
for PV module detection (see sec. 3.3.3). Among these, the work by Diaz et al. [177] is
most similar to our method presented in sec. 4.2. Diaz et al. also use the popular Mask
R-CNN instance segmentation framework to predict segmentation masks for individual
PV modules in each image. They were the first to use instance segmentation for PV
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module detection. This improved upon works by Zhang et al. [268], Greco et al. [178], and
Pérez et al. [269], who use object detection or semantic segmentation, which either cannot
distinguish different PV modules or provide only inaccurate bounding boxes instead of
pixel-accurate segmentation masks.

Both our work and the state-of-the-art work by Diaz et al. achieve very high segmentation
accuracy with Fl-scores of 90.5 % and 98.9 % on their respective datasets. However, our
method improves upon Diaz et al. in several aspects. The biggest drawback of the method
by Diaz et al. is the use of a complex post-processing stage to remove truncated modules
and fill in missing modules. This post-processing stage assumes a regular grid layout of
modules and uses classic image processing and machine learning methods, reintroducing
problems, such as reliance on heuristics, poor generalization, and the need for manual
hyperparameter tuning. As opposed to this, we do not perform any post-processing, which
maintains the full flexibility of Mask R-CNN and ensures independence of the PV module
detection from the plant layout. Moreover, instead of filtering truncated modules in the
post-processing stage, we train Mask R-CNN only on fully visible PV modules, which
makes for a more powerful filter that is directly embedded into the Mask R-CNN. Similarly,
Diaz et al. correct outlier images, i.e., images containing sun reflections, using a filter
based on a heuristic that introduces new hyperparameters. We, on the other hand, do
not rely on any heuristic filter and perform only parameterless histogram equalization
to enhance image contrast. A further drawback of the method by Diaz et al. is that
they approximate each PV module in the image as a rotated rectangle. This works only
because they use nadiral images, but would fail when using oblique images, where modules
exhibit a perspective distortion. Our method is more flexible and accounts for perspective
distortion by fitting a quadrilateral to each module and mapping the module onto a
rectangle using a homography. This idea stems from several other works [53, 55]. Another
important improvement of our work is the use of a much larger training and validation
dataset. While Diaz et al. use only 100 IR images showing 18244 PV modules from three
different plants, our dataset contains 1165 IR images with a total of 35463 PV modules
originating from seven different PV plants. This reduces the risk of overfitting and allows
us to use a larger and more capable ResNet-101-FPN backbone inside Mask R-CNN (as
compared to the ResNet-50-FPN used by Diaz et al.). Our large dataset also enabled us
to analyze both the generalization ability of Mask R-CNN and the correlation between
training dataset size and segmentation accuracy, which is something no other related work
has done before. Furthermore, compared to Diaz et al. our dataset is not only larger but
contains also higher-quality labels. This is because, Diaz et al. label each PV module with
a separate polygon, whereas we annotate grid spines between the PV modules in a table.
Consequently, our mask labels have perfectly colinear edges.

While some related works detect PV modules in a composite image, such as an orthophoto
or stitched panorama [49-51, 263, 264], our method directly detects modules in each image,
which is similar to several other works [49-51, 263, 264]. This sidesteps the problem
of visual artifacts that may be present in the composite image, improving module and
anomaly detection accuracy.
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We do not only segment PV modules in each frame, we also track modules over consecutive
video frames (see sec. 4.2). The only other related work that employs tracking is the one
by Carletti et al. [46]. Like our work, Carletti et al. use tracking to aggregate anomaly
predictions for the same PV module over consecutive frames. However, different from us,
they do not leverage tracking to extract multiple images for each module. Hence, their
dataset contains only a single image for each module, whereas ours contains on average 40
images per module. Furthermore, Carletti et al. do not leverage tracking for the filtering
of module images with sun reflections like we do.

5.3 PV Module Anomaly Detection

Similar to PV module detection, the field of PV module anomaly detection is currently
moving from classic image processing and traditional machine learning (see sec. 3.4.1 and
sec. 3.4.2) towards deep learning (see sec. 3.4.3). We were among the first to employ deep
learning for PV module anomaly detection by performing supervised multi-class image
classification of thermal anomaly patterns with a CNN classifier (see sec. 4.3.1). The only
existing work at that time with a similar approach was the one by Dunderdale et al. [80].

However, our work improves upon Dunderdale et al. in several ways. For instance, we
use a more recent ResNet-50 CNN, whereas Dunderdale et al. use the outdated VGG-16
architecture and MobileNet, which is optimized for low-computational complexity and
consequently less capable. But most importantly, we use a much larger dataset containing
453511 IR images of 11644 PV modules from seven different plants (a subset of our entire
dataset presented in sec. 4.1), whereas Dunderdale et al. use only one image for each of
783 modules from three different plants. Our larger dataset reduces the risk of overfitting,
facilitates the use of larger and more capable CNN architectures, and results in models
that generalize better across different PV plants. However, the biggest advantage of our
large dataset is that it covers all ten of the important anomaly classes shown in fig. 2.4.
Compared to this, the dataset used by Dunderdale et al. is incomplete, covering only four
of the anomaly patterns (Sh, Mp, Sp, Cs+). Leaving out some of the common anomaly
classes is problematic, as the resulting model may be insensitive to those left-out anomalies.
As these anomaly classes are not part of the validation dataset, there is also no way
to quantify, how accurately they can be detected by the model. Distinguishing many
anomaly classes is of value for plant operators, as it facilitates a more detailed cataloging
of anomalies in a plant. This is important because some anomalies can worsen over time
and eventually cause power losses, outages, or even fires. Another fundamental advantage
of our method, compared to that of Dunderdale et al., is the availability of multiple images
per module, which enables us to boost classification accuracy by aggregating predictions
over multiple images of the same PV module. While our method achieves a classification
accuracy of 90.9 %, Dunderdale et al. achieve 85.8% and 89.5% for the VGG-16 and
MobileNet classifiers, respectively. The similar classification accuracies do not mean our
improvements are ineffective, though. This is because our validation dataset, compared
to the one used by Dunderdale et al., poses a much harder classification problem due to
its larger variance and the larger number of anomaly classes and PV plants. The greater
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size of our dataset also increases model stability. While our classification accuracy has
a standard deviation of only 0.23 % over three training runs, Dunderdale et al. report a
much larger standard deviation of 5.2 % over five training runs.

In the meanwhile, several newer works have also used CNNs for supervised image classifi-
cation of thermal anomaly patterns [47, 180, 284-286]. The works by Manno et al. [180]
and Akram et al. [285] still use small datasets of 1000 and 893 images, with, in the case of
Manno et al., only covering a single anomaly class (Cs+). However, the other works follow
our example and use much larger datasets. Le et al. [284] and Alves et al. [286] use 20000
images with 11 anomaly classes and Zefri et al. [47] use 93220 images with five anomaly
classes. While containing more PV modules than our dataset, these newer works have
access to only a single image per module, which prevents them from boosting accuracy by
aggregating predictions.

Apart from these improvements, we also go a step further than the related works in the
way we analyze our trained classification models. While the related works only compute
an aggregate classification accuracy or at best a confusion matrix, we additionally visualize
learned embeddings and class activation maps to interpret the behavior of the classifier
(see sec. 4.3.1). We also analyze the sensitivity of the model with regard to changes in the
hyperparameters (see sec. 4.3.2). This is important in practice, where it is desirable to use
a single set of hyperparameters for inspecting a wide range of PV plants.

In publication [2], we propose viewing PV module anomaly detection as unsupervised
domain adaption problem, to account for the domain shift between different PV plants
(see sec. 4.3.2). To date, none of the related works has adopted this view. Instead, even
the most recent works still sample training and testing data uniformly from all PV plants
in their dataset. This is an unrealistic scenario, because, in practice, the anomaly classifier
is trained once on a labeled dataset of one or more PV plants, but later must make
predictions on data of another PV plant. Thus, to further advance the state of the art
in the field, future works should view PV module anomaly detection as an unsupervised
domain adaption problem and actively compensate for the domain shift. Furthermore, no
work apart from ours considers the detection of out-of-distribution samples. Being able to
accurately detect out-of-distribution samples is important because there is a high chance
of encountering novel and rare types of anomalies when just looking at enough different
PV plants.

In publication [3], we develop an anomaly detection method that is based on the distri-
bution of module temperatures to overcome some of the remaining problems of the deep
learning-based methods presented in sec. 4.3.3. This method is rather unique and nothing
comparable has been proposed by any of the related works. We believe this method is
important for the field of PV module anomaly detection because it complements deep
learning methods in detecting anomalies with a small spatial extent and string-level anoma-
lies. Detecting string-level anomalies is essential for PV plant inspection, as underlined
by a study by Weinreich et al., who analyzed 185 c-Si PV plants with a total capacity of
702 MW,,, and found that 83.6 % of the overall power loss could be attributed to string
failures [23]. Our work on this method also highlighted that deep learning is no miracle
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cure for PV module anomaly detection, but also has several unique disadvantages that
must be compensated with other classic techniques.

Similar to most of the related works (see sec. 3.4), all three of our anomaly detection
methods perform anomaly detection after having performed PV module detection in a
previous step. This is opposed to some of the related works, which combine both module
and anomaly detection in a single deep learning algorithm, e.g., Pierdicca et al. [272,
273], Oliveira et al. [179], Huerta Herraiz et al. [271], and Wei et al. [262]. Tackling
module and anomaly detection independently, not only simplifies method development
and ensures optimal performance on both tasks, but also allows us to easily combine
different anomaly detection methods with the same PV module detection method. Most
importantly, performing both tasks sequentially facilitates the creation of a reusable dataset
of extracted PV module images, which can be shared with the community to advance the
state of the art in PV module anomaly detection.

5.4 Localization of PV Modules in the Plant

Many methods for the automated localization of modules in the PV plant have been
proposed in the related works (see sec. 3.5). Some of these methods localize PV modules
relative to each other by means of panorama stitching (see sec. 3.5.4). Others obtain abso-
lute geocoordinates by direct georeferencing (see sec. 3.5.1), or by creating an orthophoto
(see sec. 3.5.2) or a 3D reconstruction of the plant (see sec. 3.5.3) with the help of SfM. In
this thesis, we developed two methods for PV module localization, one based on graph
matching (see sec. 4.4.1) and one based on georeferencing with SfM (see sec. 4.4.2).

Our graph matching procedure differs substantially from most of the related works, but
shares some similarities with the method by Niccolai et al. [51]. Niccolai et al. first stitch
images of each plant row into a panorama image, which is then matched to a CAD plan of
the plant (see sec. 3.5.5). Like our method, this yields an index for the PV modules, which
allows for absolute localization in the plant and integration of external data sources. Also
like our method, images need to be grouped manually according to the scanned PV plant
row, only plants with regular grid-like row layouts can be processed, and only one row can
be scanned at a time, limiting the throughput. In addition to these limitations, Niccolai et
al. require nadiral images with a well-defined overlap and sidelap that can only be acquired
with an automated flight. As opposed to this, our requirements for the data acquisition
are less stringent, thanks to the use of videos (see sec. 5.1). Furthermore, we need only
coarse GPS positions for the manual grouping of frames into rows. Niccolai et al., on
the other hand, utilize GPS positions for the CAD plan matching, thus, requiring more
accurate GPS measurements. Moreover, the CAD plan must contain the GPS positions of
each PV module. However, this is often not the case, and manually capturing the GPS
position of each module is too time-consuming to be economically feasible. Different from
this, our method does not require the GPS positions of the modules, but, instead, uses a
text file that encodes the spatial relation between modules in each row. If a CAD plan
is available, this text file can be derived automatically, else it can be created manually
in a reasonable amount of time. Since Niccolai et al. stitch images sequentially into a

63



5 Discussion

panorama without performing any subsequent global optimization, there is a gradual error
drift that causes visual artifacts in the resulting panorama. This limits the applicability
to shorter image sequences and negatively impacts downstream PV module detection and
anomaly detection, which Niccolai et al. perform directly on the panorama. Our method,
on the other hand, performs module and anomaly detection directly in the images and
encodes adjacent modules in a graph without relying on visual stitching. Hence, there is
no error drift and no risk of introducing visual artifacts. Graph matching also has a lower
computational complexity than panorama stitching leading to shorter processing times.

Our SfM-based method for PV module localization differs from the previous works that
have used SfM in a few key aspects. The related works use SfM to obtain a georeferenced
3D point cloud [48] and optionally an orthophoto of the PV plant, on which they perform
module and anomaly detection [47, 56, 70, 263, 289]. However, our method performs
module and anomaly detection in each video frame and uses SfM solely for localizing
modules in the plant. To this end, the 3D point cloud can be discarded and only the
georeferenced 6D camera pose of each image is used to triangulate the corner points of
detected PV modules, yielding their geocoordinates. This approach is beneficial because
it can easily be combined with existing module and anomaly detection algorithms that
operate on individual camera images, and, hence, does not require the development of
special methods that operate on the orthophoto. Furthermore, our method provides
better robustness and flexibility, as module and anomaly detection do not depend on the
(sometimes unsuccessful) SfM reconstruction of the PV plant. Finally, by performing
module and anomaly detection directly in the video frames instead of the orthophoto or
3D point cloud, there is no performance degradation due to visual artifacts, larger datasets
can be extracted, and standard computer vision algorithms can be employed. Not having
to create an orthophoto also reduces the computational burden of the method. We also fly
at lower altitudes than common for orthophoto capture, resolving some of the associated
issues, such as low spatial resolution and obstruction of nearby infrastructure.

The integration of external data sources, such as electrical data, is a very important topic
that is often overlooked in the related works on PV module localization. In fact, apart from
our works and those of Niccolai et al. [51] and Lépez-Ferndndez et al. [48], no other work
considers external data sources, let alone proposes a solution. We believe the community
should consider this aspect more frequently, because it allows answering questions, such as:
(i) How do different anomalies impact the power and yield of a PV plant? (ii) When does
it make (economic) sense to replace an anomalous module? (iii) How do anomalies impact
string performance and other modules in the same string” The topic will also become
more important in the near future, when digital versions of the plant layout and electrical
connectivity become more easily available, and possibly even standardized.

Another important aspect of PV module localization is the achieved module throughput,
which is determined by the flight altitude, flight velocity, optical camera parameters, and
the number of plant rows scanned in parallel. Here, both of our PV module localization
methods achieve state-of-the-art results (see tab. 4.1). While Niccolai et al. take 30 min
to 90 min for a 1 MW, plant, our graph matching method takes only 21.1 min (assuming
235 W modules) for the same plant. Since our SfM-based method can process two or three
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rows at a time, the time for the inspection of a 1 MW, plant can be reduced even further
to only 10.1 min and 5.6 min, respectively. This is more than twice as fast as the method
by Lépez-Ferndndez et al., which takes 12.7 min per MW,,.
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In 2020 the global installed capacity of solar photovoltaics reached 775 GW,, [7] and is
predicted to increase by another 1100 GW,, until 2026 [8]. Despite their robustness, most
PV plants contain anomalous modules and components [14]. Anomalies lead to accelerated
degradation [16, 17], can pose fire hazards [18-20], and reduce power output and yield of the
plant [17], which in turn causes monetary losses and reduces profitability. Hence, regular
inspection is recommended and in some countries, even a regulatory requirement [21].
However, utility-scale PV plants contain thousands to millions of PV modules, rendering
manual inspection infeasible. Instead, IR thermography has been employed since over a
decade as a fast, simple, and accurate method for the detection of PV system anomalies
based on their characteristic thermal patterns [23, 24, 26, 27]. Typically, IR thermography
is performed with low-cost consumer-market drones [25], which offer a 10 — 15 fold speedup
over conventional techniques, such as walking or ground-based robots [16].

However, drone-based thermography of utility-scale PV plants produces large amounts of
IR videos, manual sighting of which is not economically feasible. Thus, at the beginning
of this thesis, we set the goal of developing a solution for the automatic processing of the
IR videos acquired during the inspection of utility-scale PV plants.

We achieved this goal by proposing a pipeline composed of computer vision algorithms
for instance segmentation, multi-object tracking, incremental structure from motion, and
supervised image classification. This pipeline detects PV modules in the IR videos, localizes
each module in the plant, and identifies modules with thermal anomalies, effectively solving
all major steps of automated PV plant inspection.

The developed pipeline is fully automated, facilitates a high throughput of up to 45000
modules (~ 10.6 MW,,) per hour of flight, and is fully portable, i.e., requires no setup
when inspecting a new PV plant. The pipeline features three different anomaly detection
methods, which offer high accuracy, robustness to changes in environmental conditions,
good generalization across different plants, and sensitivity to string anomalies and all
common PV module anomalies. This is enabled by our very large training dataset with over
6.5 million IR images of 152669 PV modules from ten different PV plants. Furthermore,
the pipeline facilitates intuitive visualization of anomaly detection results on a geographic
map, and has low hardware requirements, requiring only a consumer-market drone with
standard GPS and an uncooled microbolometer camera without any visual camera. The
pipeline achieves not only a low mapping error of £0.22m to £0.82 m thanks to the use
of incremental SfM, but is also robust towards errors made during data acquisition and
manages to successfully extract 99.3% of all PV modules in our dataset. Videos can
be recorded with both an automatic and a manual flight, reducing the complexity of
drone operation and making our method useful for PV plants of all sizes. Furthermore,
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the pipeline works independently of the plant layout, which allows for providing a single
solution for multiple types of plants. This is not only cheaper than multiple plant-specific
solutions, but it also simplifies software maintenance and usage. Finally, we publish our
computer vision pipeline as free-of-charge and open-source software with a graphical user
interface for intuitive visualization and exploration of inspection results.

Our contributions make the inspection of utility-scale PV plants economically feasible.
Hence, regular inspections are enabled, which in turn will lead to better-maintained PV
plants that are more reliable, safer, last longer, and provide higher power, yield, and
returns on investment. These are vital aspects, which could decide the future success or
failure of solar PV as a global source of clean and renewable electricity.
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The following chapter discusses the limitations of the developed PV plant inspection
pipeline and outlines opportunities for future research.

PV Module Detection While our approach for PV module detection based on Mask
R-CNN (see sec. 4.2) is capable, there are still some options for improvements. For instance,
Mask R-CNN could be replaced by a more recent and more accurate instance segmentation
framework, such as Cascade Mask R-CNN [206]. Similarly, a newer backbone model, such
as ConvNext [201] or SwinTransformer [297, 298], could be employed. The backbone may
also be pretrained with a self-supervised contrastive loss to enhance accuracy even further

299].

Moreover, our training dataset comprises only images taken from utility-scale ground-
mounted PV plants. While this leads to good accuracy on such plants, many false positives
occur for other types of plants, such as rooftop plants, where the image contains additional
obstructions, e.g., chimneys or windows. Extending the training dataset with images of
other types of plants could resolve this issue.

Finally, our module detection method comprises not only Mask R-CNN for instance
segmentation but two additional algorithms for multi-object tracking and estimation of the
module corner points from the segmentation masks. It is imaginable to combine all three
tasks in a single deep learning model that operates directly on the video and is trained
end-to-end. While this is very challenging, it reduces the amount of code that needs to be
maintained, and likely improves segmentation accuracy, as the video model can leverage
the temporal information present in the video.

PV Module Anomaly Detection We developed two anomaly detection methods based
on CNNs (see sec. 4.3.1 and 4.3.2) and one based on the distribution of module temperatures
(see sec. 4.3.3). While each of these methods overcomes some of the shortcomings of
the other two methods, new limitations are introduced. For instance, our supervised
ResNet-50 classifier from publication [1] classifies ten different anomaly patterns, however,
does not take domain shift into account. Our method from publication [2] overcomes the
domain shift problem and the temperature classifier is not affected by domain shift at all.
However, both methods sacrify the capability to differentiate multiple anomaly patterns.
Similarly, the CNN methods cannot detect string anomalies and are not very sensitive
to open-circuited modules and anomalies with a small spatial extent. The temperature
classifier overcomes these issues but is insensitive to anomalies with a small temperature
gradient. Hence, a method, which simultaneously overcomes all these limitations, is yet to
be developed.
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Another issue of the CNN methods is the large class imbalance present in the training
dataset, which could be resolved by undersampling majority classes or oversampling
minority classes, e.g., with SMOTE [300]. Furthermore, the dataset has a large bias,
as it was labeled by only a single human expert. To reduce the bias and increase the
quality of the dataset, multiple experts should label the data and a consensus label should
be obtained. Moreover, we only use small CNNs to speed up experimentation. Hence,
the accuracy of the CNN methods could be easily improved by using larger models,
e.g., ResNet-152 instead of ResNet-34, or by using state-of-the-art architectures, such as
ConvNext [201].

In publication [2], we employed a supervised contrastive loss to learn informative features,
which reduce the impact of domain shift. Future works could additionally align the domains
and sub-domains with special domain adaption losses, such as Maximum Mean Discrepancy
[301-303], L2- or cosine distance [304, 305], Rényi divergence [306], KL-divergence [307],
or contrastive alignment losses [308-310]. Furthermore, we investigated only single domain
adaption, where the CNN classifier is trained on a single source PV plant and tested on
another target plant. However, it may be beneficial to perform multi-domain adaption,
where the classifier is trained on multiple source plants.

Another important limitation of our CNN-based methods is that they operate on images
of individual PV modules, ignoring the contexts of neighboring modules and electrical
connectivity. However, these contexts are important to accurately detect string anomalies
and other anomalies, which spread over multiple adjacent modules, such as potential
induced degradation. Future works could employ multi-stream CNNs [311, 312] or Graph-
CNNs [313] to perform prediction based on multiple images, possibly considering their
relations and additional data modalities, such as electrical measurements.

While we framed anomaly detection as supervised image classification, future works could
explore numerous other methods for this task [314-316]. Most of these methods learn
features of normal data using generative adversarial networks [317, 318], autoencoders
[319, 320], one-class losses [321, 322], self-supervised learning [323-326], or metric learning
[327, 328] and detect anomalies based on their high reconstruction error or large distance
to the normal feature. There are also methods that both detect and segment anomalies in
the image, for example, PaDiM [329], Patch Core [330], and Fast Flow [331]. This could
be useful for cases, in which a PV module exhibits multiple anomalies simultaneously.

Other research opportunities for anomaly detection are (i) the extension to thin-film,
bifacial, and half-cell modules, (ii) the quantification of the impact of changes in external
factors, such as solar irradiance, cloud cover, air temperature, wind speed, camera tem-
perature, and plant load, and (iii) the exploration of the temporal evolution of anomalies.
These research directions require an extension of our anomaly detection dataset with

appropriate data, e.g., a time series of IR images from repeated inspections of the same
PV plant.

Future works could also assemble an even larger anomaly detection dataset using our
methods, make it publicly available, or even host a public competition for this task, to
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encourage community contributions and facilitate quantitative comparison of published
methods.

Finally, future works could investigate the detection of non-thermal anomalies, such as
geometric misalignment, which are not detectable in IR but have a significant impact on
power and yield. Such anomalies could be detected by the geometric analysis of a 3D
reconstruction of the plant obtained by SfM.

PV Module Localization Our SfM-based method for PV module localization (see
sec. 4.4.2) solves most problems of the graph matching-based method (see sec. 4.4.1).
However, it still has several limitations that need to be addressed. The biggest issue
of the SfM method is that the 3D reconstruction sometimes fails, preventing module
localization altogether. Further experiments are needed to identify a flight configuration
and hyperparameter settings of the SfM library that lead to an increased robustness. Other
possible measures are (i) the use of centimeter-accurate RTK-GPS instead of standard GPS,
(ii) modification of the image preprocessing to enhance keypoint detection and matching
in IR videos, e.g., by performing local as opposed to global contrast enhancement, and (iii)
utilization of the visual video for SfM, which has a higher resolution, wider viewing angle,
color information, and lower variation of image intensities [332]. However, incorporating
the visual video requires accurate temporal synchronization and spatial registration with
the IR video, which is a challenging task.

Moreover, additional experimentation is needed to validate the applicability of the SfM-
based module localization to PV plants with non-row layouts, such as rooftop and floating
plants.

Another issue of the SfM method is that it requires manual entry of the electrical connec-
tivity of the localized PV modules. Assuming standardized CAD files will become more
ubiquitous in the future, this step could be automated by combining the SfM method and
graph matching method to automatically associate the localized modules with a plant
description file. This would also facilitate the alignment of multiple SfM reconstructions
of the same PV plant, for example, obtained by repeated inspections.

Reporting Currently, reporting of our inspection pipeline is limited to an interactive
2D geographic map showing each PV module in the plant overlaid with the results of
one of the developed anomaly detection methods. In addition to this, it would be highly
beneficial to rate the severity of the detected anomalies in terms of safety risk and impact
on power, yield, and economic variables, such as annual monetary losses, and cost of
repair. Based on this, the report should provide a clear statement on which PV modules
are to be repaired and which anomalies can be safely ignored. Furthermore, the reporting
should account for repeated inspections of the same PV plant, i.e., store and utilize
historical data to make predictions. Another useful feature of the reporting software
would be to localize and guide the maintenance crew to those modules in the PV plant
that must be repaired. Without this feature, localizing a particular module in the field
requires error-prone counting. Finally, instead of visualizing results on a map, the StM
reconstruction of the plant could be rendered into an immersive 3D model of the plant
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with overlaid textures, module images, and interactive reports for each module, enabling
virtual walkabouts and exploration with a virtual reality headset.

Others Apart from the mentioned aspects, future works could transfer our inspection
pipeline to electro- and photoluminescence imaging, or even use these imaging modalities
in conjunction with IR thermography. Another important and often overlooked aspect is
the scalability of the inspection solution to multi-gigawatt plants. While our inspection
pipeline is fully scalable in theory, the concrete implementation needs to be improved in
terms of vertical and horizontal scalability to effectively run on a distributed computing
cluster.
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A Publications

The following is an overview of the journal articles, in which the methods and results of
this dissertation have been published.

Publication 1

L. Bommes, T. Pickel, C. Buerhop-Lutz, J. Hauch, C. Brabec, and I. Peters, “Computer
vision tool for detection, mapping, and fault classification of photovoltaics modules in
aerial IR videos,” Progress in Photovoltaics: Research and Applications, vol. 29, no. 12,
pp. 1236-1251, 2021. Dor: 10.1002/pip.3448.

Abstract Increasing deployment of photovoltaics (PV) plants demands for cheap and
fast inspection. A viable tool for this task is thermographic imaging by unmanned aerial
vehicles (UAV). In this work, we develop a computer vision tool for the semi-automatic
extraction of PV modules from thermographic UAV videos. We use it to curate a dataset
containing 4.3 million IR images of 107842 PV modules from thermographic videos of
seven different PV plants. To demonstrate its use for automated PV plant inspection,
we train a ResNet-50 to classify ten common module anomalies with more than 90 %
test accuracy. Experiments show that our tool generalizes well to different PV plants. It
successfully extracts PV modules from 512 out of 561 plant rows. Failures are mostly due
to an inappropriate UAV trajectory and erroneous module segmentation. Including all
manual steps our tool enables inspection of 3.5 MW, to 9 MW, of PV installations per day,
potentially scaling to multi-gigawatt plants due to its parallel nature. While we present
an effective method for automated PV plant inspection, we are also confident that our
approach helps to meet the growing demand for large thermographic datasets for machine
learning tasks, such as power prediction or unsupervised defect identification.

Author Contributions L.B. is the principal author of this work. He developed,
implemented, and tested the proposed computer vision pipeline, conducted all experiments,
and wrote the initial manuscript. He developed software tools for data annotation and
used the pipeline to assemble the presented image dataset. The defect annotation scheme
for the dataset was developed by L.B., T.P., and C.B-L., and C.B-L. manually annotated
the dataset. T.P. piloted the drone and acquired the IR videos used in this work. C.B-L.,
C.B., J.H, and I.P. procured funding for this project. Supervision was provided by C.B.
and L.P. All authors edited the manuscript.
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Publication 2

L. Bommes, M. Hoffmann, C. Buerhop-Lutz, T. Pickel, J. Hauch, C. Brabec, A. Maier, and
I. Peters, “Anomaly detection in IR images of PV modules using supervised contrastive
learning,” Progress in Photovoltaics: Research and Applications, vol. 30, no. 6, pp. 597614,
2022. por: 10.1002/pip.3518.

Abstract Increasing deployment of photovoltaic (PV) plants requires methods for
automatic detection of faulty PV modules in modalities, such as infrared (IR) images.
Recently, deep learning has become popular for this. However, related works typically
sample train and test data from the same distribution ignoring the presence of domain
shift between data of different PV plants. Instead, we frame fault detection as more
realistic unsupervised domain adaptation problem where we train on labelled data of one
source PV plant and make predictions on another target plant. We train a ResNet-34
convolutional neural network with a supervised contrastive loss, on top of which we employ
a k-nearest neighbor classifier to detect anomalies. Our method achieves a satisfactory
area under the receiver operating characteristic (AUROC) of 73.3% to 96.6 % on nine
combinations of four source and target datasets with 2.92 million IR images of which 8.5 %
are anomalous. It even outperforms a binary cross-entropy classifier in some cases. With
a fixed decision threshold this results in 79.4 % and 77.1 % correctly classified normal and
anomalous images, respectively. Most misclassified anomalies are of low severity, such as
hot diodes and small hot spots. Our method is insensitive to hyperparameter settings,
converges quickly and reliably detects unknown types of anomalies making it well suited
for practice. Possible uses are in automatic PV plant inspection systems or to streamline
manual labelling of IR datasets by filtering out normal images. Furthermore, our work
serves the community with a more realistic view on PV module fault detection using
unsupervised domain adaptation to develop more performant methods with favorable
generalization capabilities.

Author Contributions L.B. is the principal author of this work. He developed the
proposed deep learning method, conducted all experiments, and wrote the initial manuscript.
In several discussions, M.H. provided feedback on the deep learning algorithm. This
work made used the image dataset created in cooperation with T.P. and C.B-L. in the
first publication. C.B-L., C.B., J.H, A.M., and I.P. procured funding for this project.
Supervision was provided by C.B. and I.P. All authors edited the manuscript.
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Publication 3

L. Bommes, T. Pickel, C. Buerhop-Lutz, J. Hauch, C. Brabec, and I. Peters, “Georefer-
encing of photovoltaic modules from aerial infrared videos using structure-from-motion,”
Progress in Photovoltaics: Research and Applications, vol. 30, no. 9, pp. 1122-1135, 2022.
DOL: 10.1002/pip.3564.

Abstract To identify abnormal photovoltaic (PV) modules in large-scale PV plants
economically, drone-mounted infrared (IR) cameras and automated video processing
algorithms are frequently used. While most related works focus on the detection of
abnormal modules, little has been done to automatically localize those modules within the
plant. In this work, we use incremental structure-from-motion to automatically obtain
geocoordinates of all PV modules in a plant based on visual cues and the measured GPS
trajectory of the drone. In addition, we extract multiple IR images of each PV module.
Using our method, we successfully map 99.3 % of the 35084 modules in four large-scale and
one rooftop plant and extract over 2.2 million module images. As compared to our previous
work, extraction misses 18 times less modules (one in 140 modules as compared to one in
eight). Furthermore, two or three plant rows can be processed simultaneously, increasing
module throughput and reducing flight duration by a factor of 2.1 and 3.7, respectively.
Comparison with an accurate orthophoto of one of the large-scale plants yields a root mean
square error of the estimated module geocoordinates of 5.87m and a relative error within
each plant row of 0.22m to 0.82m. Finally, we use the module geocoordinates and extracted
IR images to visualize distributions of module temperatures and anomaly predictions of a
deep learning classifier on a map. While the temperature distribution helps to identify
disconnected strings, we also find that its detection accuracy for module anomalies reaches,
or even exceeds, that of a deep learning classifier for seven out of ten common anomaly
types. The software is published at https://github.com/LukasBommes/PV-Hawk.

Author Contributions L.B. is the principal author of this work. He developed the pro-
posed method, conducted all experiments, and wrote the initial manuscript. Furthermore,
he implemented and published the method in form of a software tool. He also published
a graphical software tool for browsing the results of the method. T.P. piloted the drone
and acquired additional IR videos for this work. C.B-L., C.B., J.H, and I.P. procured
funding for this project. Supervision was provided by C.B. and [.P. All authors edited the
manuscript.
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B Published Software

The methods in this dissertation are purely computational and can be accurately formalized
as software. The following is a brief overview of the software tools that were developed
during this dissertation. All software is published under the permissive MIT license to
benefit the research community and accelerate further work in the field.

B.1 PV Hawk

PV Hawk! is a Python command line tool (see fig. B.1a), which implements the computer
vision pipeline as presented in publication [3]. The tool contains all algorithms for the
extraction and mapping of PV modules based on IR videos. PV Hawk relies extensively
on OpenCV [140] for image processing and uses the OpenSfM [161] library for incremental
structure from motion. The g2o0 [333] graph optimization framework is used to refine
triangulated PV module corners during the mapping procedure. The application is
packaged as a Docker container [334] to ensure fast and easy setup on other machines.

B.2 PV Hawk Viewer

The PV Hawk Viewer? is a desktop app (see fig. B.1b) for viewing reconstructions of
large-scale PV plants created with PV Hawk. The user can browse individual PV modules
on an interactive map and corresponding IR video frames and extracted module images
are shown. Functionality for annotating module anomalies and electrical connectivity
of modules is provided. Furthermore, PV Hawk Viewer contains the algorithms for PV
module anomaly detection from publication [3] and visualizes anomaly detection results
on the map. PV Hawk Viewer is built with the Qt for Python [335] desktop framework
following the model-view-controller architecture to separate data models, application logic,
and user interface. The map component in PV Hawk Viewer is based on the Leaflet [336]
library, written in JavaScript and embedded with a QT web engine view. Python distutils
are used for packaging and distribution of the application via the Python package index
(PyPI).

Thttps://github.com/LukasBommes/PV-Hawk
Zhttps://github.com/LukasBommes/PV-Hawk-Viewer
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B.3 Grid Annotation Tool

The Grid Annotation Tool® is a web app for annotating image datasets for instance
segmentation (see fig. B.1c). It was built for annotating the PV module segmentation
dataset needed to train and evaluate the Mask R-CNN model in publication [1]. As opposed
to existing labeling tools, such as Labelbox [337] or CVAT [338], grid-like structures can be
annotated faster and more accurately by annotating the grid spines instead of individual
polygons. The backend of the Grid Annotation Tool is based on Python Flask [339] and
the frontend is written in JavaScript relying on the D3 [340] library for drawing.

3https://github.com/LukasBommes/Grid-Annotation-Tool
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03/2019 - 03/2020

10/2016 - 03/2019
06/2018 - 03/2019
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04/2017 - 10/2017

10/2016 - 04/2017

10/2013 - 07/2016

PhD Candidate at Helmholtz Institute Erlangen-Niirnberg

for Renewable Energy

Thesis: "Computer Vision Pipeline for the Automated Inspection of

Photovoltaic Plants"

o Development of a software for automated detection, georeferencing
and defect identification of photovoltaic modules in aerial infrared
videos

o Application of my tool to many real-world inspection videos and
creation of a dataset of over 6 million thermal images for defect
detection

¢ Implementation of a desktop app with Qt and web apps with
Python Flask for annotating, browsing and analyzing datasets

e Deployment of my software in collaboration with industry partners

Research Software Engineer at A*STAR SIMTech

o Development of a Python/C++ app for video-based detection and
tracking of staff and objects on the shopfloor

o Realization of a fast object tracker which exploits motion vectors
in encoded videos

e Implementation of a C++ library with Python bindings to syn-
chronize multiple RTSP video streams

e Supervision of interns

Master Mechanical Engineering at TU Braunschweig

Master’s Thesis at A*STAR SIMTech
e Topic: "Shopfloor Monitor: Multi-Camera-Based Detection and
Tracking System for a Manufacturing Environment'

Student Research Assistant at IWF
e Development of deep learning methods for predictive maintenance
of machine tools

Study Thesis at A*STAR Singapore Institute of Manufacturing Tech-

nology (SIMTech)

e Thesis: "Application of Machine Learning Algorithms for Operating
State Classification and Fault Detection of a CNC Milling Machine"

e Project work: Development of a software for monitoring of the
beam trajectory in a laser welding machine

Student Research Assistant at Institute of Machine Tools and Pro-

duction Technology (IWF) TU Braunschweig

¢ Implementation of a C4++ microcontroller firmware for a workpiece
transport system

Bachelor Mechanical Engineering at TU Braunschweig
e Thesis: "Entwicklung und Aufbau einer Regelung zum Spannen von
Werkstiicken mittels Adhdsionskriften in der Mikrobearbeitung"
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ABSTRACT

Increasing deployment of photovoltaics (PV) plants demands
for cheap and fast inspection. A viable tool for this task is ther-
mographic imaging by unmanned aerial vehicles (UAV). In this
work, we develop a computer vision tool for the semi-automatic
extraction of PV modules from thermographic UAV videos. We use
it to curate a dataset containing 4.3 million IR images of 107842
PV modules from thermographic videos of seven different PV
plants. To demonstrate its use for automated PV plant inspection,
we train a ResNet-50 to classify ten common module anomalies
with more than 90 % test accuracy. Experiments show that
our tool generalizes well to different PV plants. It successfully
extracts PV modules from 512 out of 561 plant rows. Failures
are mostly due to an inappropriate UAV trajectory and erroneous
module segmentation. Including all manual steps our tool enables
inspection of 3.5MW,, to OIMW,, of PV installations per day,
potentially scaling to multi-gigawatt plants due to its parallel
nature. While we present an effective method for automated PV
plant inspection, we are also confident that our approach helps
to meet the growing demand for large thermographic datasets for
machine learning tasks, such as power prediction or unsupervised
defect identification.

I. INTRODUCTION

Deployment of solar photovoltaics (PV) has increased expo-
nentially in the past years. At the end of 2019, globally installed
capacity reached 586 GW,, [1]. Many PV plants contain defective
PV modules which pose safety hazards and reduce power output,
yield and as a consequence, the profitability of the plant. Defects
occur during manufacturing, installation or due to aging. To iden-
tify defective modules PV plants need to be inspected regularly.

A valuable tool for defect identification in PV modules is ther-
mographic imaging which uses a thermal IR camera to visualize
defects based on their increased temperature. To speed up the
inspection process thermography is typically performed by un-
manned aerial vehicles (UAV) [2-5]. Many works have explored
the use of UAVs for PV plant inspection. A high-level overview
of the inspection process and the challenges involved is given
in [6, 7]. [8] compares available camera and drone technologies
and [9] performs an economical analysis. [10, 11] analyze the
influence of the image resolution on the detectability of defects.

UAV thermography of PV plants with millions of modules
produces so many images that manual sighting is infeasible. This
raises the need for image processing tools which automatically
detect PV modules in each image and identify thermal anomalies.
To enable repairs or exchange of defective modules the automated
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Figure 1: High-level overview of our tool for semi-automatic inspection
of PV plants using thermographic videos acquired by an UAV.

processing tool needs to further determine the exact location of
each module in the plant. Instead of taking individual images
at predetermined positions, we simply fly along each row of
the PV plant and acquire videos. This renders expensive and
time consuming flight planning unnecessary and allows for faster
inspection on-site. However, it increases the amount of data as
each PV module occurs in multiple consecutive video frames. It
further introduces perspective distortion and other artefacts, such
as sun reflections, which need to be handled by the processing tool
to make the images usable for downstream anomaly classification
and other machine learning algorithms. The large number of
acquired thermographic images is key to accurate anomaly classi-
fication as some anomalies are very seldom and machine learning
algorithms used for anomaly classification require many examples
to achieve high accuracy and good generalization.

In this work we develop such an image processing tool for the
semi-automatic extraction and localization of PV modules in UAV
thermographic videos of large-scale PV plants (see fig. 1). It can
be used to automate inspection of PV plants and to curate large
datasets for downstream machine-learning tasks. While there are
several works on automated PV plant inspection systems [12—19],
they rely heavily on classic image processing techniques, such as
intensity thresholding (see tab. 1). These techniques are based on
heuristics, need extensive manual tuning, do not generalize well
and are not very accurate. Further, many of the related works can
distinguish at most three different thermal anomalies or perform
only a binary classification. First works have shown promising
results using deep learning for these tasks [20,21]. Following
this recent trend, we use the Mask R-CNN instance segmentation
framework [22] to robustly extract PV modules from thermal IR
videos. A ResNet-50 deep convolutional classifier [23] is used



for fine-grained classification of ten thermal anomalies. Further,
we exploit the large redundancy and temporal context present
in the video data to efficiently build a large-scale dataset of
thermographic images of PV modules for downstream machine
learning tasks. To summarize, our contributions are as follows:

* A tool for semi-automatic extraction and localization of PV
modules in UAV thermographic videos of large-scale PV
plants which can be used for automated plant inspection and
to curate large datasets for downstream machine-learning
tasks.

A dataset of 4.3 million thermographic images of 107842 PV
modules from seven PV plants with fine-grained labels of ten
common thermal anomalies.

e Training and evaluation of a ResNet-50 classifier on our
dataset.

* A quantitative analysis of generalization ability, processing
time and failure cases of our tool.

II. RELATED WORKS

The following is an overview of related methods for
semi-automatic thermographic PV plant inspection by UAVs. We
compare them in terms of module detection, thermal anomaly
detection and localization of modules in the plant. Tab. 1
summarizes methods and dataset sizes of the related works.

A. PV Module Detection

Most works employ classic computer vision algorithms to
detect PV modules in both visual and thermographic images.
The most popular method used by [13-15, 19, 24, 25] is binary
thresholding of image intensities to obtain segmentation masks of
the PV modules. [21] detects rectangular candidate contours by
thresholding, extracts texture features and classifies them with a
Support Vector Machine (SVM). Other works find edges of PV
modules using morphological operations [26, 27] or the Hough
transform [12,16]. More exotic techniques are template matching
[18] and maximally stable extremal regions [17]. Main issue of
all these works is their reliance on classic image processing which
is based on manual priors and heuristics, needs extensive manual
tweaking of hyper parameters and generalizes poorly to unseen
imagery.

Deep learning overcomes these problems and is applied to
PV module detection by [21, 28, 29]. [28] performs semantic
segmentation with a combination of a ResNet-34 [23] and a U-Net
[30]. A weakness of semantic segmentation is that it does not
distinguish between individual PV modules. [29] employs the
YOLO object detector [31] which does not have this problem.
However, it suffers from the imprecise representation of PV mod-
ules by bounding boxes instead of segmentation masks. Similar
to our work [21] solves both problems by utilizing the Mask
R-CNN instance segmentation model. It outputs an individual
segmentation masks for each PV module which allow for accurate
localization of PV modules in thermographic images.

B. Thermal Anomaly Detection

Similar to the PV module detection many works [13, 14, 16,
17, 32] use binary thresholding to segment hot regions of PV
modules in thermographic images which correspond to thermal
anomalies. The works in [12, 33] iteratively grow segmentation

masks of hot spots starting from local intensity maxima. In [18]
hot spots are found by template matching. Another approach is
to extract features, such as mean and standard deviation, for each
PV module and finding outliers with statistical tests [19] or by
comparing with neighbouring modules [25].

Several recent works explore deep learning for anomaly de-
tection to overcome the limitations of classic image processing
[20,34,35]. In [34] a segmentation model based on VGG-16 is
used to segment three different anomalies directly in the thermo-
graphic image. VGG-16 is also used by [35] to classify whether
an image contains an anomalous module or not. Problem of
this method is the inability to accurately localize the anomalous
module. In [20] four different anomalies are classified using
MobileNet and VGG-16. The authors find that both deep learning
methods outperform a SVM and a Random Forest classifier using
SIFT features.

Problem of the current methods is that the list of anomalies
classified is by no means complete. Further, small datasets with
only 360 to 3336 images are used.

Similar to [20] we utilize a deep convolutional classifier, in
our case ResNet-50. However, we obtain a significantly larger
anomaly classification dataset with more than 450000 images and
perform a much more fine-grained classification of ten thermal
anomalies. In addition, we employ majority voting over subse-
quent video frames to enhance classification accuracy.

C. Localization of PV Modules in the Plant

To localize PV modules in the PV plant [13, 14, 26] create
panorama images of each row, detect modules and assign an ID
to each module. This way, module locations are defined relative
to other modules. [15] uses the same technique and additionally
matches each row panorama to a CAD plan by means of GPS
positions. Problematic is the need for an accurate flight path
with specified overlap of individual images which makes the UAV
operation more complicated. Further, CAD files are not always
available and the format can vary for different PV plants.

Several works [36-38] create an orthophoto of the entire PV
plant from a higher altitude. This requires nadiral images with
a suitable overlap which may not always be feasible in case of
nearby power lines, streets or train tracks. Spatial resolution
of a high-altitude image is low making fine-grained anomaly
classification of PV modules difficult.

Other works [18,39] use direct georeferencing to estimate the
GPS position of each PV module in the image. This requires an
expensive Real Time Kinematics system to accurately estimate
the UAVs position.

In [40] GPS positions of the video frames containing an anoma-
lous PV module are marked on a map. While this is straightfor-
ward it still requires manual localization of the anomalous module
within the frame.

Our work uses relative mapping similar to [13, 14,26]. Instead
of creating a panorama, we encode the spatial relationship of PV
modules in a graph that is matched with a standardized plant file
containing module identifiers. This allows for easy integration of
other data modalities, such as electrical measurements. The plant
file needs to be created only once for each plant which saves time
when inspecting the same plant multiple times. We further do not
require nadiral images or a specific overlap of adjacent frames and



a standard GPS receiver is sufficient. This reduces cost and allows
for a more flexible operation of the UAV.

III. VIDEO DATASET

For this work we acquire thermographic videos of seven utility-
scale PV plants containing a combined 122865 PV modules (rang-
ing from 2850 to 35360 modules per plant). As can be seen in fig.
2 the plants in our dataset cover a variety of row layouts, module
sizes, module orientations and module technologies. Plant D
comprises of thin-film modules while the others use crystalline
silicon modules. In total our dataset contains 8 hours of video
footage (231172 frames) with on average 21.8 PV modules per
frame. Videos were acquired by a UAV of type DJI Matrice
210 and a DJI Zenmuse XT2 camera which has a resolution of
640 x 512 pixels and a frame rate of 8 Hz. Acquisition took place
under clearsky conditions and solar irradiance above 700 W m™2.

Figure 2: Example video frames of the seven PV plants in our dataset.

IV. PV MODULE EXTRACTION

This section introduces our tool for semi-automatic extraction
of PV modules from thermographic videos. An overview can be
found in fig. 3. First, the tool splits thermographic videos into
individual frames and extracts their GPS coordinates. Aided by
the GPS coordinates the user manually specifies which frames be-
long to which row of the PV plant. PV modules are segmented by
Mask R-CNN, extracted, rectified and stored to disk. A tracking
algorithm associates each PV module in subsequent video frames
with a unique track ID. This way the extracted patches of each PV
module can be grouped together. Finally, track IDs are associated
with plant IDs. Plant IDs are specified in a standardized plant file
and describe the electrical wiring and the location of each module
in the plant. We chose a semi-automatic approach to achieve a
high degree of flexibility and good generalization to different PV
plants.

The rest of this section explains the tool in detail.

A. Video Acquisition and Preprocessing

Thermographic videos can be captured with any UAV or cam-
era as long as the following requirements are fullfilled:

* Each row of the PV plant is scanned individually.

¢ The camera moves monotonically along the row, i.e. there is
no significant backward movement.

e The current row must be fully visible and always the front-
most (bottommost) one in each frame.

* The row must lie approximately horizontal or vertical in each
frame.

Our tool is robust to changes of the flight velocity, altitude and
camera angle. This allows the operator to manually track rows
with varying elevation (e.g. hillsides) and choose the optimal
camera angle to reduce sun reflections. Additional rows which
may become visible in the background due to low camera angles
are filtered out.

After acquisition thermal IR videos are split into individual
frames and stored as 16-bit grayscale TIFFs. The GPS position of
each frame is extracted and stored in CSV and KML files. They
are needed during the manual grouping of frames that follows
in the next step. In case the PV rows are vertical we rotate the
video frames by 90° to enable equal treatment of both cases in the
remaining processing steps.

B. Grouping of Frames into Rows

For maximum flexibility our tool processes each row of the
PV plant independently. To this end, the user has to manually
specify which video frames belong to which row of the PV plant.
Specifically, he has to provide the plant IDs of the bottom left
and top right modules and the index of the first and last frame
of each row. A graphical tool (see fig. 4) for browsing frames
based on their GPS position simplifies this process. The user can
skip parts of the video and rows do not need to be scanned in
any particular order. It is also possible to scan rows partially, e.g.
when a row contains multiple strings of which only a subset needs
to be inspected. Further, single frames can be processed which is
useful for short rows.

C. PV Module Segmentation

To locate PV modules in each video frame we use the Mask
R-CNN instance segmentation framework. It outputs an axis-
aligned bounding box and a binary segmentation mask for each
PV module. We train it to segment only fully visible PV modules.
Example outputs are shown in fig. 5.

1) Dataset: For fine-tuning of Mask R-CNN we annotate seg-
mentation masks and bounding boxes of 26612 PV modules in
862 video frames of PV plants A, B, C and D. For this we
developed a custom annotation tool, however any annotation tool
for instance segmentation can be used. We select 60 frames (15
of each PV plant) with a total of 2104 PV modules for validation
and the remaining 802 frames for training. For compatibility with
Mask R-CNN we convert the 16-bit grayscale frames to Celsius
scale, normalize the values to the interval [0,255], convert to
8-bit, maximize contrast by means of a histogram equalization,
convert to RGB and subtract the channel means estimated from
the training set. In addition, each frame is padded with zeros to a
square of size 640 x 640 pixels.

2) Training: Starting from MS COCO-pretrained weights [41]
we train the segmentation and classification heads of Mask
R-CNN for 59 epochs using stochastic gradient descent with a
batch size of 2, learning rate 0.001, momentum 0.9 and weight
decay 0.0001. Subsequently, all weights are fine-tuned for addi-
tional 60 epochs with 1/10th of the previous learning rate. During
both training stages frames are augmented by random up-down
and left-right flips and (in 50 % of the cases) rotation by a uniform
random angle between —10° and 10°. We additionally rotate
images by £90° in 50 % of the cases to reduce differences between
landscape and portrait orientation of modules.



Table 1: Comparison of related works on PV module detection and thermal anomaly detection in aerial IR images of PV plants. F1-scores are taken
from the original works and are not directly comparable due to different test datasets and different definitions of the F1-score (pixel-based, bounding
box-based, choice of IoU threshold). A unification is out of the scope of this work. F1-scores defined in the same way as in our work are demarked

witha .
Work Test (train) dataset Module detection Anomaly detection
Images / Modules /  Method Type F1/% Method Anomaly classes F1/%
Plants
[17] 20/240/1 Region proposal by Maximally Boxes n.a. Segmentation by binary Hot spot n.a.
Stable Extremal Regions thresholding
(MSER) + filtering by size
[16] 1171/-/1 Edge extraction by Hough Lines n.a Segmentation by binary Hot spot 59.0
transform + postprocessing thresholding
[13-15] 34/-/1 Segmentation by binary Mask n.a. Segmentation by binary Hot spot, hot 98.8"
thresholding in HSV-space thresholding with two thresholds + substring, hot module
classification heuristics
[19] 3771544 /2 Segmentation by binary Mask 92.8  Feature extraction + classification Hot spot, hot 93.9f
thresholding with adaptive with Grubb’s test and Dixon’s Q substring, hot module
threshold test
[24,25] 3/204/1 Segmentation by binary Mask 95.8  Feature extraction (mean & std) + Hot spot, hot 92.91
thresholding + morphological comparison with neighbouring substring, hot module
operations modules
[18] 270/-1/1 Template matching Boxes 83.0  Template matching Hot spot 75.01
[12] —/14215/>1 Canny edge detection + Hough Lines 87.0  Segmentation by water filling Hot spot 72.0
transform algorithm + temporal tracking with
majority voting
[21] test: 20/-/3 Rectangle extraction by adaptive =~ Boxes + 983 - - -
train: 80/-/3 thresholding + SVM classifier on  Masks
texture features
[20] test: 77/-1/3 - - - SIFT feature extraction + Random Sh, Sp, Mp, Cs+ (see 77.21
train: 306/-/3 Forest classifier fig. 11)
[21] test: 20/ /3 DL instance segmentation (Mask  Boxes+ 989 - - -
train: 80/-/3 R-CNN) + postprocessing Masks
[29] test: —/ 14499 / >1 DL object detection (YOLOV3) Boxes 950 - - -
train: —/ 36000/ >1
[28] test: 19/-/1 DL semantic segmentation Mask 97.1 - - -
train: 216/-/1 (ResNet-34 + U-Net)
[34] -/-/1 - - - Segmentation by VGG-16 based Hot spot, hot n.a.
DL model substring, hot string
[35] test: 318/—-/1 - - - DL classification (VGG-16) of Binary 75.0
train: 1304/-/1 entire video frame
[20] test: 77/-1/3 - - - DL classification (MobileNet, Sh, Sp, Mp, Cs+ (see 89.5%

train: 306 /-/3

VGG-16)

fig. 11)

3) Validation Metrics: We evaluate Mask R-CNN in terms of
F1-score and average precision (AP) metric from the MS COCO
benchmark [41]. To this end, all pairs of predicted and ground
truth module bounding boxes in a validation frame are formed and
the intersection over union (IoU) of each pair is computed. Pairs
with an IoU larger than a specified threshold are true positives
(TP). False positives (FP) are predictions not matched with
any ground truth box and false negatives (FN) ground truths
without predictions. From this, precision TP/(TP + FP), recall
TP/(TP+FN) and Fl-score 2TP/(2TP + FP+ FN) are computed
at ten IoU thresholds {0.5,0.55,...,0.95}. AP is the area under
the resulting precision recall curve. Finally, F1-score and AP are
averaged over all validation frames.

4) Results: After fine-tuning Mask R-CNN achieves an AP of
90.01 % and an Fl-score of 90.51 %. At IoU threshold 0.5 the
AP and Fl-score are 99.55 % and 98.92 %, respectively. This
very good segmentation accuracy allows us to skip any additional
filtering and post-processing of the segmentations. Later, in sec.
V-B and V-C we will analyze how Mask R-CNN generalizes to

different PV plants and how segmentation errors affect the PV
module extraction.

D. Extraction of Module Patches

This step extracts segmented PV modules from the thermo-
graphic frames and stores the resulting patches to disk. Due
to perspective distortion and irregular shape of the segmentation
masks direct cropping and storing is not possible. Instead, we fita
minimum-perimeter enclosing quadrilateral to each segmentation
mask and obtain a homography which maps the quadrilateral to
a rectangle. Width and height of this rectangle correspond to
the maximum width and height of the quadrilateral. This yields
variable-sized patches which retain most of the information of
the source frame without wasting storage space. To ensure each
pixel within the quadrilateral is valid we restrict it to lie within
the frame. If the IoU of a segmentation mask and the fitted
quadrilateral is below 0.9 the segmentation mask is most likely
incorrect and filtered out.
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Figure 3: Overview of our tool for semi-automatic extraction of PV modules from thermographic videos.
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Figure 5: Example results of the PV module segmentation with Mask
R-CNN.

E. PV Module Tracking

Multiple object tracking is performed to associate segmentation
masks of the same PV module in subsequent video frames. This
enables grouping of the extracted patches by their associated PV
module. To this end, mask centers are projected from frame
t — 1 into frame ¢ using a homography that is estimated by
extracting and matching ORB keypoints [42] in both frames.
We also tried a Kanade—Lucas—Tomasi tracker but found that
it fails due to large motion magnitude whenever the IR camera
recalibrates. Each projected mask center is then matched with
the nearest segmentation mask center in frame ¢ and its track ID
is propagated. If multiple projected mask centers are matched
with the same segmentation mask center only the match with the
smallest Euclidean distance is considered. The other matches

typically correspond to PV modules that left the frame. Whenever
a segmentation mask center in frame ¢ is not matched with any of
the projected mask centers, a new unique and random track ID is
assigned to it. This usually occurs when a new PV module enters
the frame.

F. Filtering of the Front Row

For low camera angles additional rows of PV modules may be
visible in the background of the frame. We develop a filter which
discards these background rows and the corresponding patches.
It operates independently on each frame and assumes that the
currently processed row is the frontmost row (for nadiral videos
the bottommost row) in the frame.

The filter iteratively fits a line into the set of segmentation
mask centers using RANSAC, removes the inlier mask centers
and repeats until no more lines can be fit. Each line must deviate
at most +20° from the horizontal. During iterative fitting outlier
lines can occur which intersect the other lines. We remove them
by iteratively removing the line which intersects most other lines
until no more intersecting lines are present. Given the number
N of vertically stacked PV modules in each row we can retrieve
the N lines with largest y-intercept (the image y-axis points
downward). The segmentation masks associated with these lines
represent the front row and thus are the ones of interest for the
further processing steps. Fig. 6 shows some example outputs of
the row filter.

Figure 6: Result of the front row filtering. Segmentation masks in the
front row are colored red, all others blue.



G. Association of Track IDs and Plant IDs

In this step the random track IDs of PV modules are mapped to
plant IDs which encode the electrical wiring of the modules and
their location in the plant. The algorithm involves three steps:
i) track graph creation, ii) plant graph creation and iii) graph
matching.

Both track graph and plant graph encode the spatial relation of
all PV modules in a single row of the PV plant. Nodes contain
the track IDs and plant IDs, respectively. Edges connect IDs of
adjacent modules.

1) Track Graph Creation: The track graph is built iteratively
based on all frames associated with the row. For each new
frame previously unseen track IDs are added as nodes to the
track graph. However, track IDs of spurious tracks (track ID
occurring in less than five successive frames) are ignored. Edges
are added whenever the overlap, i.e. the number of shared pixels,
of two segmentation masks exceeds a threshold. Prior to that all
masks are dilated to ensure sufficient overlaps. For PV plants
with gaps between module tables adjacent modules are found
by additionally searching along a horizontal line passing through
the segmentation mask center. In the end, all but the largest
connected component of the track graph are removed. The smaller
components correspond to background rows resulting from occa-
sional row filtering failures. Additionally, nodes with degree 1 are
removed since they correspond to spurious detections.

2) Plant Graph Creation: Plant graphs are created as one-to-
one mappings of the rows in the plant file which contain plant IDs
and correspond directly to the plant layout.

3) Graph Matching: The final mapping between plant IDs and
track IDs of a row is obtained by finding all isomorphisms of the
two graphs and selecting the one compatible with a provided seed
match between the track ID and plant ID of the bottom left module
in the row. The plant ID of this module is provided by the user in
an earlier step. Its track ID is found by searching for the bottom
left module in the first or last frame of the row using the multi-
line fitting approach from above. Whether the first or last frame is
used depends on the scan direction (leftward or rightward) which
is estimated from the horizontal motion of the tracked modules.
As the track graph can contain imperfections an isomorphism
can not always be found and instead a subgraph isomorphism is
computed. In the seldom case that this also fails the row can not
be processed further.

H. Filtering Patches with Sun Reflections

For some camera angles sun reflections occur which distort
the temperature measurement in the thermographic video and the
extracted patches (see fig. 7). Due to the non-stationary nature of
the reflection typically only a subset of the patches of a given PV
module is affected. We need to filter them out to prevent issues in
the downstream anomaly classification.

The filter finds the maximum temperature (7;);=1,. . n and its
coordinates (x;,y;) in all N subsequent patches of a module.
Patches in which T; and (z;,y;) deviate significantly from a
reference value most likely contain a sun reflection and are filtered
out. More specifically, patch i is filtered out if |T; — 7| > 5K
and ||(z; — Z,y; — §)|l, > 10px. The reference values 7' and
(z,y) are median values computed from a subsequence of the
patches which is obtained as follows. First, the discrete difference

Pi+1 — p; of the Euclidean norm p; = ||(x4,¥:)||, is binarized
at a threshold of 10px. All zero-subsequences of p; which are
longer than 0.3V are obtained (the longest is used if none exceeds
0.3N). Finally, the zero-subsequence with the smallest variance
of the maximum temperature 7; is selected for computation of the
reference values.

Fig. 7 demonstrates the effectiveness of our filter.

1.'
-

Sun
reflection

Figure 7: Left: Sun reflection in the thermographic video. Right:
Extracted patches of a PV plant row with and without the sun reflection
filter.

V. ANALYSIS OF PV MODULE EXTRACTION

In this section we present the dataset created by our PV module
extraction tool and analyze failure cases, processing time and
generalization ability.

A. Extracted Dataset

We run our PV module extraction tool on the seven PV plants in
the video dataset and obtain a large-scale dataset with 4.3 million
thermographic patches of 107842 PV modules (on average 40.0
patches per module). The tool successfully processed 512 out of
the 561 PV plant rows (91.3 %) and extracted 87.8 % of all PV
modules from the videos. Tab. 2 shows details of the extracted
dataset and success rates. For plants £ and F' we use the sun
reflection filter which removed 52929 and 61923 patches (6.5 %
and 22.7 % of the plant total), respectively. The table reports
numbers after filtering. Apart from this the same hyper parameters
are used for all seven plants indicating a good generalization
ability of our extraction tool.

B. Generalization of the PV Module Segmentation

In this experiment we analyze how well Mask R-CNN general-
izes to new PV plants. This is practically relevant as fine-tuning
on a new plant is time and cost intensive.

To this end, we create training and validation datasets for PV
plants A, B, C and D. Validation uses 25 video frames of each
plant, training around 2380 PV modules per plant. Mask R-CNN
is trained on all combinations of the training sets and its AP
(mean of IoU thresholds {0.5,0.55,...,0.95}) is evaluated on
each validation set. Training follows sec. IV-C, however, to speed
up the experiment we pretrain and fine-tune for at most 25 epochs
each and always select the model with lowest validation loss.

While the results in fig. 8 show an increase in validation AP
with more training data, they also indicate that plant C differs
significantly from plants A, B and D. This is because PV modules
are oriented in landscape in plant C and in portrait in plants A,
B and D. We validate this by re-running the experiment without
randomly rotating frames by £90° during training. This leads to a
lower AP of 2.1 % to 43.7 % on plant C whenever plant C is not in
the training set. Thus, to achieve a high AP Mask R-CNN must be
trained on plant C and at least one of the plants A, B or D. At this
point we can not fully explain the low sensitivity of AP for plant



Table 2: Numbers of PV modules and patches extracted by our tool from the video dataset.

Plant Sector # Modules # Patches
Total Extracted Failures Extracted @/Module
SO 5280 5280 (100.0 %) 0 (0.0%) 205488 38.9
S1 5808 5632 (97.0%) 176 (3.0 %) 219653 39.0
A S2 3564 3300 (92.6 %) 264 (7.4 %) 120 100 36.4
S3 12760 11148 (87.4%) 1612 (12.6%) 430359 38.6
Total 27412 25360 (92.5%) 2052 (7.5%) 975600 38.5
SO 9297 9020 (97.0 %) 277  (3.0%) 232973 25.8
B S1 10990 10529 (95.8%) 461 (4.2%) 370440 352
S2 11478 10974 (95.6 %) 504 (4.4 %) 364750 33.2
Total 31765 30523 (96.1 %) 1242 (3.9%) 968 163 31.7
C 2850 2850 (100.0 %) 0 (0.0%) 154476 54.2
D 3510 2115 (60.3 %) 1395  (39.7 %) 128461 60.7
E 14688 14679 (99.9 %) 9 (0.1%) 766901 52.2
F 7280 5015 (68.9 %) 2265 (31.1%) 211454 422
G 35360 27300 (77.2%) 8060 (22.8%) 1107711 40.6
Total 122865 107842 (87.8%) 15023 (122%) 4312766 40.0

D to the training data. We assume distinctive visual features of
the PV modules, such as clear boundaries, simplify segmentation.
Fig. 8 also reports the mean and standard deviation of all APs
when training on one, two, three and four PV plants, respectively.
While the standard deviation decreases the mean of the AP
increases with more training data. As the AP asymptotically
approaches a saturation value the benefit of adding more training
data decreases. We found a segmentation model trained on at least
three PV plants (of which one is plant C) achieves good results.

Average precision (AP) of PV module segmentation
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Figure 8: Average precision of the PV module segmentation for all
combinations of training sets from PV plants A, B, C and D. The plot
on the right shows the mean and standard deviation of the AP when using
training data from one, two, three and all four PV plants, respectively.

C. Failure Cases

Previously, we reported that our tool fails to process 49 out of
561 PV plant rows in our video dataset corresponding to 12.2 %
of all PV modules. We identify four common causes: (1) the UAV
flight path violates the requirements from sec. IV-A, (2) the PV
module segmentation can fail, (3) rows have an irregular layout
and (4) the row filtering can fail. Fig. 9 shows examples for each
failure and tab. 3 contains the relative frequencies. We report
missed rows instead of missed modules because rows contain

varying numbers of modules and an error in a single frame usually
leads to loss of the entire row.

Figure 9: Failure cases of our tool: (a, b) Irregular row layout. (c, d, e)
Inadequate UAV trajectory. (f, g) Segmentation error. (h) Row filtering
error.

Table 3: Numbers of PV plant rows which our extraction tool failed to
process.

Failure Cause PlantA B C D E F G Allplants
UAV trajectory 9 2 0 4 2 5 0 22
Segmentation error 0 1 0 0 0 3 10 14
Irregular row layout 0 4 0 0 0 2 O 6
Row filter error 0 o 0 0 0 2 4 6
Track graph error 0 1 0 0 0 0 O 1
All failure causes 9 8§ 0 4 2 12 14 49

The majority of rows (22 out of 49) can not be processed due
to an inadequate UAV trajectory. This is because some older
videos in our dataset were acquired before we established the
requirements on the UAV trajectory. Another 14 rows are missed
due to false negatives of the PV module segmentation. They occur
mostly in plants ' and G on which Mask R-CNN is not fine-tuned
and which contain PV modules in landscape orientation. In a few
cases segmentation also fails due to sun reflections or occlusion of
modules by vegetation. Fine-tuning Mask R-CNN on more data
can mitigate segmentation failures. Irregular row layouts cause
failures in six rows. While our tool can handle missing modules



some failures still occur because Mask R-CNN fills gaps in the
grid of modules. Further six rows are missed due to failures of
the front row filter. They occur only for plants F' and G and are
related to the lower module segmentation accuracy. A more robust
line-fitting method can solve this issue.

For now we tolerate these failures as our extracted dataset is
large enough for downstream tasks.

D. Timing Analysis

Processing time is a critical factor for scaling our tool to larger
PV plants. Fig. 10 reports timings of both manual and automatic
steps of our tool. Automatic steps are timed on a workstation with
an Intel Core 19-9900K, 64 GB of DDR4 RAM, a 4 TB Seagate
IronWolf HDD and a GeForce RTX 2080 Ti running Ubuntu
20.04 LTS. Manual steps comprise of UAV flight, frame grouping
and plant file creation. The flight duration is estimated from the
number of video frames and the frame rate. This underestimates
the true duration slightly as battery changes and row changes of
the UAV are not considered. For the manual frame grouping we
estimate that the user can configure 30 groups per hour. Due to
a lack of accurate measurements fig. 10 omits manual plant file
creation. It takes 2 to 8 hours for a 3 MW, plant (10000 modules)
depending on the regularity of its layout.

Timing differences between the plants are due to different video
file formats, different plant and row layouts and different UAV
flight altitudes and velocities. Track graph creation is faster for
plants A, B and C because we can deactivate gap handling. In
total, extracting 10000 modules from a 3 MW, plant takes 8 to
21.7 hours, depending on the plant layout. In here, automatic
steps account for 3.8 to 12.1 hours which could be significantly
reduced by parallelizing the currently sequential processing of PV
plant rows. A further speedup is possible by increasing UAV flight
velocity and altitude.
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Figure 10: Time needed by our tool to process one PV module. (a)
Compares manual and automatic steps. (b) Time distribution of the
automatic steps.

VI. THERMAL ANOMALY CLASSIFICATION

In this section we use the extracted thermographic patches for
supervised classification of thermal anomalies in PV modules. To
this end, we label the patches and train a ResNet-50 classifier to
predict whether a patch is nominal or exhibits one of ten common
anomalies. As our dataset contains on average 40 patches per PV
module, we choose the majority class across those patches as the
final class label for each module.

A. Dataset

An expert in our group labels each of the PV modules in
our thermographic patch dataset with one out of the ten thermal
anomaly classes shown in fig. 11. The class scheme is based on
experience and includes relevant module anomalies encountered
in previous studies. It is deliberately not optimized for machine
learning as the intention is to see how closely the classification of
an expert can be reproduced. The structure of our dataset allows
to label modules instead of individual patches which speeds up
labelling. Note, that we ignore modules of plant D because they
are thin-film modules which exhibit different thermal anomalies
than the crystalline silicon modules in the other plants. We
further exclude all patches with sun reflections from the anomaly
dataset and ignore sectors S1 and S2 of plant B to reduce the
labelling workload. To reduce class imbalance (only 6.91 % of all
modules are anomalous) we balance the numbers of healthy and
anomalous modules separately for each plant. Finally, we select
70 % of the PV modules for training, 20 % for testing and 10 %
for validation. By splitting the data on module-level we ensure
that patches of the same module do not occur in multiple splits.
The resulting classification dataset (see tab. 4) contains 453511
patches of 11644 PV modules half of which are anomalous. There
are on average 38.95 patches per module which act as different
augmented views. Note, that the distribution of anomalies differs
significantly between the PV plants.

N

Healthy
Module Module Substrmg
open-circuit short-circuit open-circuit

Cm+: Cs+: Single C: Warm  D: Diode  Chs: Hot
Module PID Multi. hot hot cell cell(s) overheated spot
cells

Substrmg
short-circuit

Figure 11: Example patches for the ten anomaly classes in our dataset.
Severity decreases from left to right and top to bottom. Temperature
ranges from 30 °C (black) to 60 °C (white). All patches except for class
Cm+ are taken from plant A.



Table 4: Class distributions of modules and thermographic patches in our anomaly classification dataset.

Class # Modules # Patches
Plant A B C E F G All plants A B C E F G All plants

Mh 5 87 4 0 1 494 591 212 2636 112 0 38 19968 22966
Mp 2 0o 2 5 1 1 11 74 0 151 272 62 26 585
Sh 61 31 1 1 1 4 99 2421 804 43 73 13 145 3499
Sp 9 5 0 33 5 37 89 360 118 0 1802 217 1573 4070
Pid 980 341 0 0 0 0 1321 40422 9143 0 0 0 0 49565
Cm+ 1 10 0 11 6 0 28 26 243 0 477 352 0 1098
Cs+ 12 25 0 11 27 0 75 468 742 0 582 1348 0 3140
C 902 184 0 229 570 6 1891 36955 4630 0 11618 23539 256 76998
D 608 1 0 0 3 1024 1636 24891 26 0 0 197 41210 66324
Chs 51 17 0 6 1 6 81 1957 465 0 350 75 205 3052
Healthy 2631 701 7 296 615 1572 5822 100725 17960 302 15129 25839 62259 222214
All classes 5262 1402 14 592 1230 3144 11644 208511 36767 608 30303 51680 125642 453511

B. Classifier Training

We initialize ResNet-50 with ImageNet 1.4M pretrained
weights and replace the original fully connected (FC) classifi-
cation layer with a randomly initialized FC layer containing 11
neurons. We fix the base model and train only the FC layer for 10
epochs using Adam optimizer with learning rate 0.001 and batch
size 32. Afterwards, we fine-tune all layers starting from layer 101
for another 20 epochs using RMSprop optimizer with learning
rate le—5. During training patches are augmented by random
left-right and up-down flips. Preprocessing is similar to the one
for segmentation (see sec. IV-C), however histogram equalization
is skipped and patches are resized to 224 x 224 pixels without any
padding and without maintaining the aspect ratio. During training
we do not address class imbalance explicitly.

C. Results

1) Validation Metrics: The ResNet-50 classifier is evaluated
on the test set by means of accuracy and per-class Fl-scores
averaged over all classes. Both the unweighted average and the
average weighted by class support are reported. We further dis-
tinguish patch-level and module-level metrics which are obtained
before and after majority voting, respectively. For all metrics we
report mean and standard deviation over three training runs.

2) Test Performance: After fine-tuning ResNet-50 achieves
89.40 % test accuracy on patch-level (see tab. 5). Majority
voting improves it to 90.91 %. The results are stable over three
independent training runs. Training the classifier only on the first
patch of each module instead of all patches reduces test accuracy
by 5.4 %. This confirms the benefit of collecting multiple patches
per PV module.

Table 5: Test performance of the ResNet-50 classifier on patch- and
module-level versus a baseline using only a single patch per PV module.

Accuracy Unweighted F1-score Weighted F1-score
Single patch ~ 84.00 £ 0.52 58.15 £ 0.64 83.38 £ 0.55
Patch-level 89.40 £0.17 68.73 £+ 1.06 89.18 £ 0.15
Module-level 90.91 £ 0.23 70.15 £ 1.98 90.68 £ 0.24

As can be seen from the per-class metrics in tab. 6 and the
confusion matrix in fig. 12 the classifier performs well on most
anomaly classes, however is less accurate on classes Mp, Cm+,

Cs+ and Chs. Reason for this is the under-representation of these
classes in our dataset leading to poor generalization from training
to test set. Other low-resource classes, such as Sh and Sp, are
classified more accurately because the underlying visual patterns
are less variable and can be learned accurately from a small
number of patches. In some cases, the classifier confuses classes
C and D with the healthy modules due to high visual similarity of
these classes. Similarly, Pid and C are confused. This is because
some Pid modules have comparably little overheated cells and
some C modules comparably many of them leading to overlap
of the two classes. High visual similarity between some classes
also makes labelling difficult and may be a source for considerable
amount of noise in the ground truth labels.
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Figure 12: Module-level confusion matrix of the ResNet-50 classifier on
the test set. Values are obtained from the first out of three training runs.

3) Classifier Visualization: To understand if the classifier
bases its predictions on meaningful features of the patches we
compute class activations maps (CAMs). Fig. 13 shows a
selection of CAMs. Each CAM visualizes the contribution of a
particular image region to the classifier’s final prediction. The
high correlation between CAMs and temperature anomalies indi-
cates that the classifier draws its confidence mainly from the hot
regions in the patch. This is sensible and confirms that the high
accuracy of the classifier is based on meaningful image features.

To gain additional insight into the classifier we visualize em-
beddings of the test set patches in fig. 14. A few large clusters can



Table 6: Per-class module-level metrics of the ResNet-50 classifier on the
test set. Shown are mean and standard deviation over three training runs.

Class Precision Recall F1-score # Patches
Healthy 95354021 9631+£0.19 9583 +£0.16 1164
Mh 98.83 +£0.42 9576+ 1.38 97.27 +0.90 118
Mp 66.67 £ 47.14 33.33 £23.57 4445+ 3143 2
Sh 100.00 £ 0.00 87.72+£2.48 9344+ 1.42 19
Sp 8330+ 0.76  88.24 +=4.81 85.65 £2.67 17
Pid 86.59 +1.75 8371 £0.54 85.12£0.75 264
Cm+ 33.33 £23.57 13.33+943  19.05 + 13.47 5
Cs+ 5741 £693 28.89+3.14 38.18 +2.81 15
C 80.39 £ 026 83.16+1.75 81.74+£0.97 378
D 90.06 £ 0.55 9235+043 91.194+0.35 327
Chs 57.07£7.04 31.25+5.10 39.75+3.42 16
Healthy Sh Sh Sp

Pid Cm+ Cs+

Figure 13: Class activation maps of the ResNet-50 classifier obtained
with Grad-CAM++ [43]. The patches correspond to fig. 11.

Chs

be observed which correspond to the six PV plants and most of the
anomaly classes. For plant A there are two clusters each because
modules in the top row are rotated by 180° as compared to those in
the bottom row. In addition, several smaller clusters occur which
correspond to individual PV modules. Some of them are outliers,
others represent classes, such as Cs+ and Sp, which do not form
compact clusters due to low sample count and high intra-class
variance. The embedding space reflects the classifier’s confusion
of some classes, e.g. Pid/C and C/D/Healthy, as partial overlap
of the respective clusters. Similarly, the low accuracy of some
classes, such as Cm+ and Chs, can be explained by the almost
complete overlap of the respective clusters with other clusters.

VII. DISCUSSION AND CONCLUSION

1) Summary: In this work, we developed a computer vision
tool for semi-automatic processing of UAV thermographic videos.
It handles the large amounts of thermographic images acquired
during inspection of PV plants, extracts individual PV modules
and classifies ten common module anomalies with an accuracy of
more than 90 % using a ResNet-50 classifier. It further provides
the exact location of defective modules in a plant allowing for tar-
geted repairs. Videos are used instead of single images for faster
inspection and increased flexibility of UAV operation. Our tool
can be used for automated inspection of PV plants superseding
an expensive and time-consuming manual inspection. This can
reduce cost of PV plant maintenance, ensures safe operation and
maximizes yield.
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Figure 14: ResNet-50 embeddings of the test dataset after dimensionality
reduction with UMAP [44]. Embeddings are obtained from the last
convolutional layer. Colors represent the ground truth class. For better
visualization we show only 5 % of all data points.

Furthermore, our tool efficiently creates large-scale thermo-
graphic datasets by exploiting redundancy in the video. We use
this capability to curate a dataset with 4.3 million thermographic
images of 107842 PV modules from seven PV plants. Modules
in the dataset are automatically indexed based on their electrical
wiring and location in the plant. This unique index and the large
size of the dataset enable research on other downstream machine
learning tasks, such as power prediction, which are essential for
the safe and profitable operation of future PV plants of ever-
growing size.

2) State-of-the-art Improvements: As compared to many of
the related works we use deep learning for PV module detection
which improves accuracy and generalization. No hyper parame-
ters had to be adjusted to extract modules from the seven different
PV plants. By using a deep convolutional classifier for supervised
classification of thermal anomalies we followed a recent trend
in the field. However, our dataset is significantly larger and we
distinguish ten anomaly classes as opposed to at most four classes
in the related works. Distinguishing many anomaly classes is not
only of value for research datasets but also for plant operators as
it facilitates more detailed cataloguing of anomalies in a plant.
This is important because some anomalies can worsen over time
eventually causing power losses or outages. Despite the larger
number of classes test accuracy of our classifier is on par with
the related works. However, we also found that classification ac-
curacy is lower for some under-represented classes in our dataset
which confirms the need for very large datasets. This also shows
that large-scale datasets are required to detect rare anomalies
which affect only a handful out of thousands of modules. Smaller
datasets as used in many related works do not sufficiently cover
such rare anomalies. To allow for even more accurate and fine-
grained classification in future we will expand our dataset and
explore other deep learning methods which overcome the issue of
low accuracy on under-represented classes.

3) Future Relevance: Our work is a first step towards the
ultimate goal of automatically characterizing gigawatt-scale PV



plants with millions of modules in a day. It shows a way to
organize and process the large amounts of data accrued during
inspection. However, to achieve full automation and scale up to
gigawatt plants multiple UAVs should be used and UAV operation
has to be automated. This leads to a predictable scanning order of
plant rows which renders most of the manual steps of our tool
unnecessary. Scaling up also requires reducing processing time.
Given full automation, the worst case throughput of our tool is
19800 modules per day on a single workstation. To process 3.5
million modules in a 1 GW,, plant in a day requires a 177-fold
speedup. This speedup is practically feasible by parallelizing
the currently sequential processing of PV plant rows. While this
demands for a parallel implementation on a small compute cluster
it does not require principle changes to the vision algorithms.

4) Future Challenges: Some challenges remain for future
works. For example, the detection of string-level anomalies or
faults of non-module components, such as inverters. To this end,
multimodal datasets (imagery and electrical) as produced by our
tool can be used in combination with machine learning. Future
work should also consider additional image sources, such as
visual and electroluminescence imagery. For wider applicability
anomaly classification could be extended to thin-film, bifacial and
half-cell modules, and PV module extraction to plants with non-
row layouts, as common in floating PV. Furthermore, methods
are needed which predict the PV plant’s future health state based
on historic data. Finally, the dependency of the anomaly clas-
sification on ambient conditions should be explored. We have
indications for such a dependency but not yet enough data for a
systematic analysis.
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ABSTRACT

Increasing deployment of photovoltaic (PV) plants requires
methods for automatic detection of faulty PV modules in modal-
ities, such as infrared (IR) images. Recently, deep learning
has become popular for this. However, related works typically
sample train and test data from the same distribution ignoring
the presence of domain shift between data of different PV plants.
Instead, we frame fault detection as more realistic unsupervised
domain adaptation problem where we train on labelled data of
one source PV plant and make predictions on another target
plant. We train a ResNet-34 convolutional neural network with
a supervised contrastive loss, on top of which we employ a
k-nearest neighbor classifier to detect anomalies. Our method
achieves a satisfactory area under the receiver operating char-
acteristic (AUROC) of 73.3 % to 96.6 % on nine combinations of
four source and target datasets with 2.92 million IR images of
which 8.5 % are anomalous. It even outperforms a binary cross-
entropy classifier in some cases. With a fixed decision threshold
this results in 79.4 % and 77.1 % correctly classified normal and
anomalous images, respectively. Most misclassified anomalies
are of low severity, such as hot diodes and small hot spots.
Our method is insensitive to hyperparameter settings, converges
quickly and reliably detects unknown types of anomalies making
it well suited for practice. Possible uses are in automatic PV
plant inspection systems or to streamline manual labelling of
IR datasets by filtering out normal images. Furthermore, our
work serves the community with a more realistic view on PV
module fault detection using unsupervised domain adaptation to
develop more performant methods with favorable generalization
capabilities.

I. INTRODUCTION

Solar photovoltaics (PV) has emerged as an important renew-
able energy source with a global installed capacity of 627 GW,,
in 2020 [1] that is projected to reach 2840 GW, in 2030 [2].
PV modules are prone to defects due to aging, environmental
influences or incorrect handling during installation. Defective
modules pose safety hazards and reduce power output, yield, and
profitability of a PV plant. Thus, regular inspection of PV plants
is inevitable. As increasing plant sizes render manual inspec-
tion impractical, there is a recent surge in works on automatic
inspection tools [3-16], which use computer vision methods to
automatically detect defective PV modules in modalities, such as
aerial thermographic infrared (IR) images.

The most recent methods frame fault detection as supervised
classification and train a deep convolutional neural network with
standard cross-entropy loss to classify different types of PV
module faults in IR images [3, 14]. These methods achieve a
high detection accuracy on the test dataset which is sampled from
the same distribution as the training data. However, this setting
ignores the fact that data distributions differ between plants, a
problem known as domain shift. We find significant domain
shift by examining 4.16 million IR images from six different
PV plants. Thus, we frame fault detection more realistically as
unsupervised domain adaptation. Here, training is performed on
labelled IR images of one source PV plant and predictions are
made on another target PV plant for which no labels are available.
This setting is more realistic as it takes domain shift into account.
It is also more practical as training is performed only once, and no
subsequent fine-tuning is needed when applying the fault detector
to a new PV plant. Another challenge we address is the detection
of unknown anomaly types which are present in the target dataset
but not in the source dataset. This is generally known as open-set
classification.

In this work, we develop a novel PV module anomaly detection
method for IR images based on deep learning which addresses the
aforementioned challenges. We train a ResNet-34 convolutional
neural network [17] with a supervised contrastive loss on labelled
IR images of a source plant and use it to extract low-dimensional
representations of the images. Based on these representations
a k-nearest neighbor (k-NN) classifier detects anomalies in the
target plant. By framing anomaly detection as supervised binary
classification we follow a promising recent trend in the field
[18-21]. Instead of performing active domain adaptation our
method uses contrastive representations which are more infor-
mative and less domain-specific than representations learned by
the standard cross-entropy loss [22, 23]. This also facilitates
generalization beyond the training dataset and thus detection of
unknown anomalies.

To summarize, our contributions are as follows:

* We frame PV module fault detection as more realistic un-
supervised domain adaptation problem where training is
performed on one labelled source plant and anomalies are
detected in another target PV plant.

* We introduce a domain-agnostic anomaly detection method
based on contrastive representation learning and a binary



k-NN classifier which outperforms a binary cross-entropy
classifier on some tasks and reliably detects unknown
anomalies.

* We validate our method on nine combinations of four source
and target datasets containing a total of 2.92 million IR
images.

II. RELATED WORKS

In this section we briefly review related works on contrastive
representation learning, domain adaptation, anomaly detection
and PV module fault detection in IR images.

A. Contrastive Representation Learning

Contrastive representation learning is a form of deep metric
learning initially proposed by Hadsell et al. [24], which succeeds
the older triplet [25] and /V-pair losses [26]. For a good review see
Le-Khac et al. [27]. Contrastive representation learning uses deep
neural networks to learn a low-dimensional feature space of high-
dimensional data in which semantically similar samples are closer
than semantically dissimilar ones. To this end, representations
of a set of positive samples are attracted and repulsed from the
representations of all other (negative) samples using for example
the InfoNCE [28] or NT-Xent [29] loss. In the conventional
self-supervised setting a single sample [28, 30], and optionally
perturbed versions of it [29, 31-33], are used as positives. In
the supervised setting all samples with the same class label (and
optional perturbations) are positives [22, 34, 35]. Self-supervised
contrastive representations discriminate individual samples. Su-
pervised contrastive representations on the other hand discrim-
inate classes by learning feature spaces in which samples are
clustered based on their class membership. In our work we
use contrastive representations because they are more informative
than those learned with standard cross-entropy loss which retain
only the minimum of information needed to discriminate training
samples [22,23]. This allows to extract discriminative features
which are robust against domain shift and generalize to unseen
classes.

B. Domain Adaptation

Domain adaptation addresses the problem of learning transfer-
able representations without the need for large amounts of labelled
training data. For a good overview we refer the reader to the
surveys by Wang et al. [36] and Zhao et al. [37]. Our problem
corresponds to unsupervised domain adaptation where we learn
representations on labelled data of a source domain that generalize
to an unlabelled target domain. Many domain adaptation methods
estimate and minimize the discrepancy between source and target
domain by means of loss functions, such as Maximum Mean
Discrepancy [38—40], L2- or cosine distance [41, 42], Rényi
divergence [43] or KL-divergence [44]. Recently, contrastive
losses have been used as well [45—47]. Aligning source and target
representations this way improves performance when classifying
images [48] or detecting anomalies [49] in the target domain.
While our method does not use any domain adaptation loss, it
solves the same problem by using more informative and thus less
domain-specific contrastive representations.

C. Anomaly Detection

Anomaly detection (AD) aims at identifying anomalous data
samples which deviate from the majority of normal samples. This
relates to our dataset which contains mostly normal PV modules
and only a small fraction of faulty modules. For a good overview
of recent deep learning-based AD methods we refer to the surveys
by Pang et al. [50], Bulusu et al. [51] and Chalapathy et al. [S2].
Most deep AD methods learn representations of normal data using
autoencoders [53, 54], generative adversarial networks [55, 56],
one-class losses [57, 58], self-supervised learning [20, 59—-61] or
metric learning [62, 63] and identify anomalies by a high recon-
struction error or a large distance to the normal representations.
Recently, (self-)supervised contrastive learning has gained popu-
larity for learning representations for AD [23, 35, 64, 65]. Some
works also explored the use of domain adaptation for anomaly
detection [49,66—-68].

Many AD methods assume an unlabelled training dataset
containing mostly normal samples and a few anomalies. If
labelled anomalies are available AD can also be formulated as
(semi-)supervised binary classification and achieve state-of-the-
art performance [19-21]. Similary, using a supervised k-NN
classifier on embeddings of a ResNet, which is pretrained on
ImageNet with cross-entropy loss, outperforms many other AD
methods [18].

Building on this, our work formulates AD as supervised binary
classification with a k-NN classifier. As opposed to the other
works we use contrastive representations and perform anomaly
detection in a target domain which differs from the source domain
and does not contain any labelled examples.

D. PV Module Fault Detection

Until recently, PV module faults were detected as hot regions
in IR images using classical computer vision algorithms, such as
segmentation by intensity thresholding [4-8], iterative growth of
segmentation masks [9, 10] or template matching [11]. Downside
of these methods is their dependence on heuristics and manual
priors, the need for extensive manual tuning and poor general-
ization to unseen imagery. The extraction of hand-crafted image
features and detection of outliers by statistical tests [12, 13] or
classification with a SVM or Random Forest [14] is slightly more
robust. Recently, deep learning has shown promising results in
overcoming the problems of classical algorithms [3, 14-16, 69].
Typically, fault detection is performed as a supervised classifi-
cation in which deep convolutional networks, such as ResNet,
MobileNet [70] or VGG [71], are trained with standard cross-
entropy loss to distinguish a predefined set of fault classes. To
the best of our knowledge, related works in the field have nei-
ther addressed the problem of domain shift nor the detection of
unknown anomaly classes.

III. DATASET

We use an extended version of the dataset from our previous
work [3]. It consists of 4.16 million IR images showing 105546
PV modules from six different PV plants, which were acquired
under clearsky conditions and solar irradiance above 700 W m™2.
Note, that we name the PV plants A to G in accordance to our
previous work. We omit plant D as it contains thin-film modules
instead of crystalline silicon modules like the other plants.
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Figure 1: Exemplary IR images of a normal and ten different types of
anomalous PV modules in our dataset. Temperature ranges from 30 °C
(black) to 60 °C (white). All images except for class Cm+ show plant A.
The figure is taken from our previous work [3].

Table 1: Numbers of normal and anomalous IR images in our dataset.

Class Plant

A B C E F G
Normal 864394 869957 135342 751261 185613 1043216
Anomalous 107786 98206 306 15174 25841 63383
Normal (%) 88.91 89.86 99.77 98.02 87.8 94.27
Anomalous (%)  11.09 10.14 0.23 1.98 12.2 5.73

Images are cropped from IR videos of a drone-mounted DJI
Zenmuse XT2 camera and rectified to remove perspective distor-
tion. Due to redundancies in the video, there are on average 39.4
images of each PV module which serve as multiple augmented
views. Each image is labelled by an expert either as containing a
normal module or a module with one out of the ten typical faults
shown in fig. 1. While our method makes only a binary distinction
between normal and anomalous modules, fine-grained fault labels
are used to evaluate our method.

Tab. 1 and tab. 2 show the distribution of anomaly classes in
our dataset. To ensure a realistic setting, we do not balance the
numbers of normal and anomalous images. For our experiments
we use only data of plants A, B, E and F as plant C contains
very few anomalies and ground truth labels of plant G were not
obtained by an expert. Each dataset is split each into 70 % train
and 30 % test data. Here, we ensure that images of the same PV
module do not occur in both train and test set.

Fig. 2 shows UMAP embeddings [72] of our dataset. Here,
images form distinctive clusters or domains depending on the PV
plant they originate from. This domain shift has various reasons,
such as differences in ambient conditions, camera position, as
well as module and cell type. For most plants, we addition-
ally observe sub-domains which correspond to different rows of
vertically stacked modules. Fig. 3 shows an exemplary patch
for each plant clearly revealing differences. We also found that
different module orientations in the images lead to domain shift.
To account for this we rotate all images so that module junction
boxes are always at the top edge.

Table 2: Numbers of anomalous IR images per underlying fault class.

Class Plant
A B C E F G

Mh 212 33129 112 0 38 19968
Mp 74 185 151 272 62 26
Sh 2421 2594 43 73 13 145
Sp 360 328 0 1802 217 1573
Pid 40422 23174 0 0 0 0
Cm+ 26 388 0 477 352 0
Cs+ 468 1651 0 582 1348 0
C 36955 28174 0 11618 23539 256
D 24891 66 0 0 197 41210
Chs 1957 8517 0 350 75 205

(a) (®)
Figure 2: Projection of our dataset obtained by UMAP (with 50

neighbors per sample and minimum distance of 0.1). Colors in (a)
indicate the PV plant, which reveals the domain shift between different
plants. In (b) normal and anomalous samples are colored green and red,
respectively. UMAP is applied directly to the flattened images, which are
preprocessed as in sec. IV-C.2. For better visualization, normal samples
are subsampled to match the number of anomalous samples.

IV. METHOD

The aim of our method is to predict binary labels {g]zT }izl... NT
for N7 IR images {«]},_, . of atarget PV plant, depending
on whether a normal or an anomalous PV module is shown. While
we have no labelled examples for this PV plant, we have a set
of NS binary labelled images {(mf,yf)}izlmNs of at least
one other source PV plant. Typically, there is a domain shift
between source and target images and the distribution of anomaly
classes between source and target can differ significantly. The
target data can even contain unknown anomalies, which are not
present in the source data. Our method shown in fig. 4 overcomes

Plant A Plant B Plant C

PlantE  Plant F

Plant G

Figure 3: IR images differ between the PV plants in our dataset due to
different ambient conditions, camera positions, as well as module and
cell type. Shown are modules with Sh anomaly. The original aspect ratio
is preserved and temperature ranges from 15 °C (black) to 50 °C (white).



these challenges by i) learning informative and domain-agnostic
representations with a supervised contrastive loss and ii) detecting
unknown anomalies on top of the representations with a k-NN
classifier.

A. Supervised Contrastive Representation Learning

As indicated by fig. 2b we observe that IR images form clusters
depending on the PV plant they originate from. However, they do
not form clusters of normal and anomalous images. We employ
representation learning to compute a low-dimensional embedding
of the IR images which forms distinctive clusters of normal and
anomalous images and reduces clustering by plants. Extraction
of low-dimensional embeddings from the high-dimensional IR
images is also needed to make anomaly detection computationally
tractable. Instead of using hand-crafted features, we employ deep
neural networks and a supervised contrastive loss to learn a suit-
able embedding end-to-end. Specifically, we use a convolutional
encoder fy(-) and a fully connected projection head hy(-) to

extract a d-dimensional embedding vector vy € R? from each

source image

vy = hy(fo(a7))- )

Several related works use a projection head to improve repre-
sentational power of the encoder embeddings [29, 33, 73]. We
follow this architecture choice. Note, however that the effect
on the encoder embeddings is less relevant in our case as we
use the embeddings after the projection head instead for anomaly

detection.
After encoding, each embedding vector is normalized to unit

L2-norm
= of/ ]l @

Iterative stochastic gradient descent is performed on embed-
dings of randomly shuffled batches of /N labelled source images
{xf,y7},_,  to compute suitable network parameters

{6%,¢*} = argmin Lap (27, y7) 3)
0,

where Lap is a supervised contrastive loss with the following
form of a non-parametric softmax classifier [27]

'ZS/T)
<Z5/7)

Here, the « symbol denotes the dot product of two vectors and
7 € R is a scalar temperature hyperparameter as used by Wu et
al. [30] and He et al. [32]. We set 7 = 0.1 for all experiments.
Further, A and A denote the indices of all normal and anomalous
embeddings in the current batch and z° € R? is the mean vector
of all normal embeddings

exp( :
JENUA exp( 2

Lap(27,y7) 4)

|/v|Zl >

P ®

iEN

This loss is based on the normalized temperature scaled cross-
entropy loss [22,29] and the central contrastive loss [34]. Intu-
itively, it pulls all normal samples in the batch towards the normal
mean vector and pushes the anomalies away. While this causes
formation of a single cluster of normal IR images in embedding

space, anomalies can potentially form multiple clusters depending
on the underlying anomaly class. Note, that pulling each normal
sample towards the normal mean embedding has the same effect
as pulling all pairs of normal embeddings towards each other. We
use the first variant as it is easier to implement.

B. Anomaly Detection with a k-NN Classifier

The anomaly detection stage predicts for each target image :Lf

whether it shows a normal or an anomalous PV module using a
k-NN classifier on top of the learned representations. First, the
trained base encoder and projection head are used to compute
the embeddings {215}1:1 s of all source images as in eq. 1
and eq. 2. This needs to be done only once, as the embeddings
are persisted in memory. Similarly, the target embedding z;‘r is
computed. Now, the k£ source embeddings nearest to the target
embedding in terms of Euclidean distance are obtained. We
denote them as NV. As all embeddings have unit L2-norm using
Euclidean distance is equivalent to using cosine distance. The
final prediction 7 ; for the target image is made by aggregating
the labels of the images in Nj. If the fraction of anomalies in N,
exceeds the specified threshold 4, the target image is predicted to
contain an anomalous PV module. Later, in sec. V-D we will
determine optimal settings for the hyperparameters k and 4.

We also tried using temperature-scaled cosine distance
exp ( Fez?) 7') and distance-weighted label aggregation for pre-
dlctlon as in Wu et al. [30]. However, we did not observe a large
impact on the predictions.

While in theory it is computationally expensive to compare
each target embedding with all source embeddings, we do not
observe this to be a bottleneck in practice for our dataset sizes. A
possible workaround for significantly larger datasets is to perform
k-means clustering on the source embeddings, and to use only the
cluster centroids for distance computations [18, 74].

C. Implementation Details

1) Network Architecture: We employ a randomly initialized
ResNet-34 without the final classification layer as convolutional
encoder fy(-). We add a 2D global average pooling layer [17,75]
as final layer which outputs a 512-dimensional vector for each in-
put image in the batch. The projection head h.,(-) is implemented
by two randomly initialized fully-connected layers with 512 and
128 outputs, respectively, where the first layer is followed by a
ReLU activation. Thus, the dimensionality of embeddings after
the projection head is d = 128.

2) Image Preprocessing: Prior to feature extraction each
16-bit grayscale IR image is converted to Celsius scale, normal-
ized to the interval [0,255] using the minimum and maximum
temperature value in the image, converted to 8-bit and resized to
64 x 64 pixels. Each image is standardized by subtracting the
dataset mean and dividing by the dataset standard deviation. To
account for the domain shift, we compute a separate mean and
standard deviation for each PV plant. As ResNet expects an RGB
image as input, we finally stack three copies of the grayscale
image along the channel-direction.

3) Training: We train all models for 110000 steps using
stochastic gradient descent with momentum 0.9 and weight decay
5 x 107% [76,77]. The initial learning rate 79 = 6 x 1072 is
decayed in each step following the Cosine Annealing strategy
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Figure 4: Overview of our method for detection of anomalous PV modules in IR images of a target PV plant based on labelled samples of a source
PV plant. Low dimensional embeddings of both source and target images are extracted by means of contrastive representation learning. A k-NN
classifier predicts target labels based on the labels of neighboring source images in the embedding space.

n =1n0/2 (1 + cos (pr)) where p € [0,1] is the training progress
[78]. We train with 16-bit precision and batch size 128 which is
the maximum trainable on our hardware. We believe larger batch
sizes can benefit contrastive representation learning as reported
in similar works [22,29, 32]. During training, we augment both
source and target images independently from another by random
up-down and left-right flips and random rotation by multiples of
90°. All images in a batch are augmented identically.

4) Hardware and Software: All models are trained on a desk-
top workstation with an Intel 19-9900K, 64 GB RAM and a
GeForce RTX 2080 Ti running Ubuntu 20.04 LTS, Python 3.6.9,
PyTorch 1.7.1 and PyTorch Lightning 1.1.5.

V. EXPERIMENTS & RESULTS

In the following, we perform a quantitative analysis of our
method and compare it against a binary cross-entropy classifier.

A. Evaluation Protocol

As common in anomaly detection, we evaluate all our models in
terms of the area under the receiver operating characteristic (AU-
ROC) and the average precision score (AP) [18,21,59]. AUROC
is obtained by plotting the true positive rate TPR = TP/(TP+FN)
over the false positive rate FPR = FP/(FP + TN) at various
decision thresholds § and integrating the resulting curve. Here, TP
and TN denote the numbers of correctly classified anomalous and
normal images, FP is the number of normal images misclassified
as anomalous and FN the number of anomalous images classified
as normal.

Similarly, the AP is obtained from the precision-recall curve
which plots precision P = TP/(TP + FP) over recall R =
TP/(TP + FN)) at different decision thresholds. The AP sum-
marizes the curve as the weighted mean of precisions achieved at
each threshold AP = """ | (R; — R;_1)P;.

While AUROC takes both the normal class and the anomalous
class into account, AP puts more emphasis on the anomalies
[79]. Both AUROC and AP do not depend on a specific decision
threshold §. Instead, they measure classification performance over
the entire spectrum of threshold values. This makes them more
informative than other metrics, such as classification accuracy
or Fl-score, which are computed at a single threshold value.

Because of this, AUROC and AP enable a fair comparison of
different methods, which can depend differently on the decision
threshold.

In the following, each model is trained on a source dataset S
(train split) and evaluated on a target dataset T (train split), which
we refer to as task S — T. As mentioned in sec. III, only the data
of PV plants A, B, E and F is used. When we train and evaluate
on the same PV plant, we use the source test split for evaluation
and refer to it as A’, B’, E” or F’. We train each model three times
with different random seeds and report the mean of AUROC and
AP.

B. Model Selection

In the following experiments, we compute AUROC and AP
after each training epoch and report the best values obtained. In
practice this is not feasible as target labels are unknown. Thus,
we use labelled data of a second PV plant as validation dataset
and report the target AUROC (AP) for the epoch at which the
highest validation AUROC (AP) is achieved.

Sun et al. [80] proposed to use the cosine distance between
the mean source and target embeddings for model selection.
However, in our experiments this did not correlate well to the
target metrics.

C. Results of the Contrastive k-NN Classifier

We train and evaluate our method on various tasks and report
the best target AUROC scores in fig. 5. All scores are above 70 %
and thus well above the 50 % of a random guess. When training
and evaluating on the same plant AUROC scores are generally
higher, as there is no domain shift between train and test data. The
results suggest that the choice of source plant has a considerable
effect on the achievable target AUROC. For example, plant B is
a better source plant than A and plant A is better than F. Plant
F is most likely the worst source plant because its dataset is 4.6
times smaller than that of plants A and B. However, plant A and
B are similar in sample count and distribution of anomaly classes.
Hence, it is interesting that plant B is a better source plant. This
indicates that other effects, like image quality and module/cell
types are important factors as well.

We further find that AUROC is generally lower when using
plant A or B as target as opposed to plants E or F. Possible
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Figure 5: Best target AUROC of our method when trained on different
source PV plants. When source and target plant are identical we evaluate
on the target test split otherwise on the target train split. Error bars
indicate the 95 % confidence interval over three runs.

explanations for this are the larger number of anomalies and the
presence of sub-domains in plants A and B (see fig. 2) which make
the accurate prediction of anomalies harder.

Note, that we do not report results for training on plant E as the
contrastive loss did not converge. This is due to the lower fraction
of anomalies in plant E, resulting in batches with only very
few anomalous images. A larger batch size or special sampling
strategy could have solved this issue.

D. Hyperparameter Selection of the k-NN Classifier

The absence of labelled target images renders hyperparameter
tuning of the k-NN classifier on the target plant impossible. Thus,
for practical applications, it is important that the k£-NN classifier
is insensitive to the choice of hyperparameters.

Fig. 6a shows the k-NN classifier AUROC for different num-
bers of neighbors. For all tasks the k-NN classifier is insensitive
to the choice of k once it exceeds 25. For some tasks the AUROC
is still slightly increasing at k¥ = 200. However, as runtime also
increases, we choose k = 100 as trade-off in our experiments.

Another important hyperparameter is the decision threshold 4,
which is the fraction of anomalies required in the set of neighbors
N to classify a target image as anomalous. Fig. 6b shows the
geometric mean (G-Mean) of true positive rate and false positive
rate for various decision thresholds §. While the classifier is
more sensitive to the choice of § (as compared to k), it behaves
consistent across the tasks, taking on a high value for small
thresholds. We choose § = 0.1 in practice to account for the
imbalance between normal and anomalous images.

E. Which Faults are Misclassified?

Using the hyperparameter settings from above, we make pre-
dictions with our contrastive k-NN classifier and show the result-
ing confusion matrices in fig. 7. Averaged over all tasks, the
fractions of correctly classified normal and anomalous images
are 79.4 % and 77.1 %, respectively. Furthermore, the fraction
of anomalies misclassified as normal is only 22.9 % on average.
Higher misclassification rates for the model trained on plant F
suggest (in line with the results from sec. V-C) that plant F is
a poor choice for training. The less critical fraction of normal
images misclassified as anomalous is 20.6 % on average. An
outlier in this metric is task B — A, which would require a higher
decision threshold as can be seen in fig. 6b.

For the purpose of analysis we have access to fine-grained
target labels. Thus, we can analyze, which specific anomaly
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Figure 6: Prediction performance of the k-NN classifier for different
settings of the hyperparameters k& and 6. The dashed vertical lines at k =
100, = 0.1 represent the trade-offs we use in practice. All classifiers
are trained on contrastive embeddings of the model with random seed 1
and best target AUROC on the respective task.

classes are misclassified, allowing us to identify potential system-
atic errors. Tab. 3 reports our findings. With a few exceptions,
error rates are below 15 % for faults Mp, Sh, Sp, Pid, Cm+, Cs+
and C when training on plants A and B.

For homogeneously overheated modules (Mh), we observe a
high error rate. This is caused by the image-wise normalization
applied during preprocessing and may be addressed in future
works. High error rates also occur for D and Chs faults due to
their small spatial extent in the image. This is a typical problem of
convolutional neural networks. However, as D and Chs faults are
not critical, we can accept the higher error rates. Interestingly, the
model trained on plant F correctly identifies many Pid modules,
despite the lack of Pid training examples in F. The model most
likely transfers knowledge from the visually similar Mp class.
This fails for the visually more unique Sh anomaly, of which plant
F contains only 13 examples.

FE. Visualization of Misclassified IR Images

To build an intuition for the quantitative results of our method,
we make predictions on IR images and visualize both correct and
false predictions in fig. 8.

As shown by the examples, the high misclassification rates for
the Mh, D and Chs anomalies can be explained by their high
visual similarity to the normal images. Similarly, we find that
primarily those anomalous images are misclassified that exhibit
lower local temperature differences and are visually more similar
to the normal images. This is a good indicator for the smoothness
of the learned contrastive representations and thus the robustness
of our approach.

Fig. 8 also hightlights a few misclassified normal images. Inter-
estingly, most of these are valid anomalies with false ground truth
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Figure 7: Normalized confusion matrices of the k-NN classifier (k = 100

and § = 0.1) on different tasks. We report averages using the model with
best target AUROC at each random seed.

Table 3: Percentage of target anomalies misclassified as normal by our
k-NN classifier (¢ = 100 and § = 0.1) grouped by fault class. Fault
criticality decreases from left to right. Error rates below 15 % are green,
between 15 % and 50 % orange and above 50 % red. We report averages
over three runs using the model with best target AUROC at each run.

Task Actual Fault Class

Mh Mp Sh Sp Pid Cm+ Cs+ C D Chs All
A—-A 78 00 00 112 03 - 00 34 166 284 56
A—B 766 03 13 00 1.5 36 27 135 558 33.0 33.
A—-E - 00 27 00 - 00 01 186 - 720 16.1
A—F 00 16,1 00 2.1 - 12 49 119 553 - 118
B—A 00 00 01 00 07 00 00 38 108 94 43
B—B 370 00 39 00 1.1 350 03 11.2 974 21.7 178
B—E - 00 87 o0.1 - 00 39 103 - 519 96
B—F 00 00 00 00 - 00 02 39 660 - 43
F—-A 304 00 605 00 270 00 13 621 62.1 59.8 483
F—B 912 00 71.8 1.0 86 3.6 1.0 266 308 758 492
F—E - 70 689 23 - 223 23 326 - 842 287
F-F - - - 00 - 07 03 67 - 00 6.0

labels. There are also cases of poorly cropped images, images
with strong perspective distortion or images with sun reflections.
Our method correctly identifies them as anomalies despite never
having been trained on such examples.

G. Embedding Visualizations

As another means to interpret our models, we visualize the
representations learned by supervised contrastive training in fig. 9.
Here, for most tasks, the representations clearly separate normal
and anomalous images, which explains the overall high AUROC
and AP scores achieved. Exceptions are tasks F — A and F —
B, where many anomalies lie within the normal cluster resulting
in a low recall. We can also see that the anomaly classes Mp, Sh,
Sp, Pid, Cm+ and Cs+, which achieved low error rates in sec. V-
E, have a larger distance to the normal modules than anomalies
with higher error rates (Mh, D, Chs). The C anomalies often
lie somewhere in between, which is in accordance to the slightly
higher error rates of around 10 %.

H. Detection of Unknown Anomalies

One goal of our method is the ability to reliably detect anoma-
lies in the target dataset, which are not contained in the source
dataset. To analyze how well our method deals with such un-
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Figure 8: Exemplary predictions of our k-NN classifier (¢ = 100 and
0 = 0.1) for IR images of plant B by the model trained on plant A. We
use the model at seed 1 with best target AUROC and show preprocessed
patches.
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Figure 9: UMAP projections (with 50 neighbors per sample and min-
imum distance of 0.1) of the target datasets embedded by ResNet-34
after supervised contrastive training. Embeddings are obtained behind
the ResNet-34 average pooling layer. For each task the model at seed 1
with best target AUROC is shown.

known anomalies, we remove all anomalies of classes Mp, Sh, Sp,
Cm+ and Cs+ from the source datasets of plants A and B, retrain
our models and evaluate on the full target datasets containing all
anomaly classes. We chose precisely these classes, as they make
up only 3.1 % and 5.2 % of all anomalies in datasets A and B. This
leaves dataset sizes nearly unchanged, providing us with a more
comparable result. For most tasks, the resulting target AUROCs
(see tab. 4) do not deviate much from the respective AUROCs
of the models trained on all anomaly classes. Similarly, we do



Table 4: Target AUROCS of our contrastive k-NN classifier trained on
datasets where anomaly classes Mp, Sh, Sp, Cm+ and Cs+ are left out
versus the baseline trained on the full dataset. All values are averages
over three training runs.

Task Variant Task Variant

Full dataset Leaveout Full dataset Leaveout
A—A 98.39 98.29 B— A 86.86 83.43
A—B 80.38 80.60 B—B 93.38 93.38
A—E 91.93 92.26 B—E 96.64 96.67
A —F 91.06 91.63 B—F 94.35 93.92

Table 5: Target AUROCS of our contrastive k-NN classifier versus a
binary classifier trained with cross-entropy loss. We report the best values
achieved and values for models selected via two different validation
datasets (Val 0 and Val 1). All values are averages over three training
runs. Values of the better method are in bold.

Task Val0 Vall Contrastive AUROC Cross-Entropy AUROC

@Val0 @Vall Best @Val0 @Vall Best
A=A - - - - 98.39 - - 98.64
A—B F E 78.83  79.62 80.38 74.68 77.76 78.19
A—E F B 90.85 90.02 9193 8145 8649 88.71
A—F B E 88.82 9049 91.06 85.18 86.10 89.26
B—A F E 7701  80.25 86.86 6835 6995 76.81
B—»B - - - - 93.38 - - 95.45
B—E F A 95.20 9320 96.64 9254 8832 96.66
B—F A E 88.13 9242 9435 8994 92,51 93.85
F—A B E 66.14 6158 7329 6346 5549 75.22
F—B A E 69.22  72.68 7454 7491 76.83 77.52
F—E A B 84.06 8642 88.86 88.02 88.65 90.64
F—-F - - - - 97.44 - - 97.54

not observe any change in model convergence during training, as
shown in fig. 13 in appendix A-B. The results indicate that our
method can reliably detect unknown anomalies.

1. Comparison with Cross-Entropy Classifier

We compare our method with a deep convolutional binary
classifier based on ResNet-34, which is trained with standard
cross-entropy loss using the same data preprocessing, data aug-
mentation and training settings as our method (see sec. IV-C).
While the convolutional backbone is identical to our contrastive
model, a softmax-activated fully connected layer with 2 outputs is
used on top of the 2D global average pooling layer. A projection
head is not employed.

As shown in tab. 5, our method outperforms the cross-entropy
classifier in terms of target AUROC in many cases which is in
accordance to the literature [22]. Only on tasks F— B and F — E
our method falls behind. This could be due to the smaller dataset
size and thus smaller absolute number of anomalies in plant F.
It indicates that our method is more sensitive to the dataset size,
i.e., is less accurate on small datasets but profits more from larger
dataset sizes than the cross-entropy classifier.

The same result is reflected in the AP, which is exemplary
shown for plant A over the course of the training in fig. 10. An
additional analysis for plants B and F is provided in Appendix A-
A. Furthermore, we find that due to the large size of our datasets
target AP converges within a single training epoch.

J. Module-level Aggregation of Predictions

As there are on average 39.4 IR images of each PV module
we can aggregate predictions of those images to obtain a final
prediction for the module. Specifically, we predict a module as
anomalous if at least one half of the corresponding images are
predicted anomalous. As indicated by the resulting confusion
matrices in fig. 11, on average 82.9 % of all normal and 78.1 %
of all anomalous modules are correctly classified. On average,
17.1 % of the normal modules are misclassified as anomalous and
21.9 % of the anomalous modules are misclassified as normal. As
compared to the image-level predictions (see sec. V-E) module-
level aggregation improves especially upon the detection rate of
normal modules, but also yields a one percent higher detection
rate for anomalies. These results suggest that the hierarchical
structure of our dataset is beneficial for the accurate detection of
anomalous PV modules.

K. Exemplary Application to Labelling of IR Datasets

For the development of future fault classification methods large
IR image datasets are needed. Our method can drastically reduce
the time and effort needed for labelling such datasets by automat-
ically rejecting the majority of normal (and thus uninteresting)
PV modules. For example, when labelling plant E, one would
have to manually sight 14662 PV modules, of which only 296
are anomalous, i.e., actually interesting. Applying our method
(trained for example on plant B) could automatically reject 98.1 %
of the normal modules, leaving only 273 normal modules for
manual sighting. The cost for this improvement is the loss of
26 anomalous modules, which are misclassified as normal. In
total, 543 modules are left for manual sighting. Assuming an
expert takes three seconds to label one module, this reduces the
time needed to label plant E from 12.2 hours to only 27 minutes.
Adjusting the decision threshold during module-level aggregation
allows to trade off lost anomalies and time savings.

VI. DISCUSSION AND CONCLUSION

1) Summary: In this work, we proposed a novel method for
the detection of PV module faults in IR images using supervised
contrastive learning. Instead of sampling train and test data
from the same PV plant, we performed training with labelled
IR images of one source plant and made predictions on another
target plant. We identified domain shift between source and target
data as a problem in this setting and addressed it by learning
transferable representations with a supervised contrastive loss. A
k-NN classifier was used on top of these representations to detect
unknown anomalies in the target plant. Experiments on nine
different combinations of four source and target datasets showed
the effectiveness of our method, which achieved an AUROC of
73.3% to 96.6 % and even outperformed a binary cross-entropy
classifier in some cases. We further found that our method
converges quickly and is relatively insensitive to hyperparameter
settings, making it well suited for practical applications. Using
fault labels for 10 different types of anomalies, we found that our
method most frequently misses anomalies with a small spatial
extent in the image, e.g. overheated bypass diodes or small
hot spots. Most striking, our method showed no significant
drop in AUROC after removing five of the ten anomaly classes
from the training datasets, proving its ability to reliably detect
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Figure 11: Normalized confusion matrices of the k-NN classifier (kK =
100 and 6 = 0.1) for predictions aggregated on module-level. We report
averages using the model with best target AUROC at each random seed.

unknown anomalies. Finally, we improved detection accuracy by
aggregating predictions of multiple IR images belonging to the
same PV module.

2) Practical Relevance: Increasing PV deployments and aging
PV plants require regular inspections to ensure a safe operation
and maximum power output, yield and profitability of a plant.
The large size of most PV plants and potentially high labour cost
renders a manual inspection economically infeasible and raises
the need for fully automatic plant inspection. Our method is
highly relevant for such inspection systems, as it automatically
identifies anomalous PV modules in a large number of IR images.
This enables targeted repairs and restoration of the original perfor-
mance of a PV plant. Apart from the inspection of existing plants,
automatic inspection is further useful for the commissioning of
new plants.

One problem of existing fault detection methods is that they
do not explicitly consider domain shift between different PV
plants. This means a fault detector must be fine-tuned on labelled
training images of each new PV plant that is inspected. This is
not only labor-intensive, but also time-consuming, as training a
neural network takes several hours. Opposed to that, our method
explicitly handles domain shift. This way, it needs to be trained
only once on a labelled dataset and generalizes afterwards to new
PV plants without further fine-tuning. This is of major importance
for realizing economically viable plant inspection systems that

regions indicate the 95 % confidence interval over three runs.

work for many different PV plants without the need for a time-
consuming and costly setup phase.

Apart from automatic plant inspection, our method can also aid
the manual labelling of IR datasets. This facilitates creation of
large-scale datasets, which are needed for the development of the
next generation of automatic fault detection algorithms.

3) Future Works: We presented a PV module fault detection
method, which overcomes domain shift between different PV
plants and generalizes beyond the training dataset without the
need for huge amounts of labelled training data. While this is
an important milestone, further measures could improve domain
adaption and increase detection accuracy on new PV plants. For
example, future works could explore active domain adaptation
techniques, such as Maximum Mean Discrepancy. In addition,
multi-domain adaptation, which uses multiple labelled source
datasets from different PV plants simultaneously, could be taken
into consideration.
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A. APPENDIX
A. Additional Comparisons with the Cross-Entropy Classifier

Fig. 12 shows additional results for the comparison of our method with a cross-entropy classifier performed in sec. V-1.
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Figure 12: Average precision over the course of training of our contrastive k-NN classifier (orange line) versus a supervised binary classifier trained
on cross-entropy loss (dashed blue line). The top row uses plant B as source, the bottom row plant F. Shaded regions indicate the 95 % confidence
interval over three runs.



B. Additional Comparisons for Training without some Anomalies

Fig. 13 shows additional results for our method trained on reduced source datasets without Mp, Sh, Sp, Cm+ and Cs+ anomalies. It
extends the results presented in sec. V-H.
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Figure 13: Average precision over the course of training of our contrastive k-NN classifier trained on datasets without anomaly classes Mp, Sh, Sp,
Cm+ and Cs+ (orange line) versus the baseline trained on the full dataset (dashed blue line). Shaded regions indicate the 95 % confidence interval
over three runs.
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ABSTRACT

To identify abnormal photovoltaic (PV) modules in large-scale
PV plants economically, drone-mounted infrared (IR) cameras
and automated video processing algorithms are frequently used.
While most related works focus on the detection of abnormal mod-
ules, little has been done to automatically localize those modules
within the plant. In this work, we use incremental structure-from-
motion to automatically obtain geocoordinates of all PV modules
in a plant based on visual cues and the measured GPS trajectory
of the drone. In addition, we extract multiple IR images of each
PV module. Using our method, we successfully map 99.3 % of
the 35084 modules in four large-scale and one rooftop plant and
extract over 2.2 million module images. As compared to our
previous work, extraction misses 18 times less modules (one in
140 modules as compared to one in eight). Furthermore, two
or three plant rows can be processed simultaneously, increasing
module throughput and reducing flight duration by a factor of 2.1
and 3.7, respectively. Comparison with an accurate orthophoto
of one of the large-scale plants yields a root mean square error
of the estimated module geocoordinates of 5.87 m and a relative
error within each plant row of 0.22m to 0.82m. Finally, we use
the module geocoordinates and extracted IR images to visualize
distributions of module temperatures and anomaly predictions
of a deep learning classifier on a map. While the temperature
distribution helps to identify disconnected strings, we also find
that its detection accuracy for module anomalies reaches, or
even exceeds, that of a deep learning classifier for seven out
of ten common anomaly types. The software is published at
https://github.com/LukasBommes/PV-Hawk.

I. INTRODUCTION

The large amount of global installed solar photovoltaics (PV)
and expected future growth require automatic image analysis for
adequate quality control. As PV modules may develop defects
due to environmental influences, aging or incorrect handling, PV
plants need to be inspected regularly to ensure safe operation
and maximum yield. Due to the large size of most PV plants,
inspection is only economic if highly automated [1]. Thus, recent
years have seen a surge in automated PV plant inspection systems,
such as the ones by Zefri et al. [2], Pierddicca et al. [3], Henry
et al. [4], and Carletti et al. [5]. These systems rely on drones
equipped with a thermal infrared (IR) camera, that enables de-
tection of abnormal PV modules based on their thermal signature
[6]. The large amounts of acquired IR images are automatically
processed by computer vision algorithms, which typically detect

PV modules in the images, predict module anomalies, and localize
each module in the PV plant.

In this work, we focus on the localization of PV modules in
large-scale plants. Localization is a crucial task as it enables
targeted repairs of abnormal modules. However, it is also noto-
riously difficult to identify the correct module among millions of
identically looking and densely packed modules from a highly
repetitive video with only a limited viewport. Previous works
attempted to solve this problem by stitching adjacent video frames
of a PV plant row into a panorama image [7]-[9]. This approach
was successful, yet only works well for short video sequences.
And, as also shown in our previous work [10], panorama stitching
requires manual selection of the video frames for each row and
provides the module location only relative to other modules.
Niccolai et al. [11] also use panorama stitching and additionally
match each row panorama to a CAD plan. While this yields
absolute module locations, it requires a CAD plan, which is not
always available and, even if it is available, is by no means
standardized across different PV plants.

Other works explore direct georeferencing of PV modules in
each image based on the measured GPS position and altitude
of the drone [12], [13]. Georeferencing requires a centimeter-
accurate Realtime Kinematics GPS (RTK-GPS) and is prone to
GPS measurement errors as no additional visual cues are con-
sidered. Further, georeferencing is limited to nadiral images,
which may contain sun reflections and exhibit sub-optimal con-
trast compared to images taken under the optimal viewing angle.
Being limited to nadiral images also makes drone operation more
difficult.

Another method for module localization is the creation of an
orthophoto from a few high-altitude images [14]-[16]. Orthopho-
tos allow visualizing the temperature distribution of the entire
PV plant. One issue with this approach is that it is not always
possible to take images from high altitudes, e.g. if there are nearby
streets. Furthermore, a low spatial resolution and possible visual
artefacts impede accurate detection of abnormal modules based
on the orthophoto alone.

This work presents a new method for PV plant inspection based
on aerial IR videos. As opposed to the related works, our method
is fully automated, provides the absolute geocoordinates of each
PV module instead of a relative location, works on long video
sequences of large-scale plants, requires no CAD plan, works with
both standard GPS and RTK-GPS and is not limited to nadiral
videos. Furthermore, videos can be acquired from low flight



altitudes and multiple high resolution images of each module are
obtained, which are important for downstream analysis.

Our method builds on our previous work [10], but features
a more general approach for PV module localization based on
structure-from-motion (SfM) [17], [18] to obtain absolute geo-
coordinates of the PV modules in a plant. In addition, PV
module images are extracted from each video frame and tracked
over subsequent frames. Based on the extracted images, module
anomalies can be detected with a deep learning classifier [19]
and visualized on a map. This enables quick assessment of the
health state of the entire PV plant and helps performing targeted
repairs. Similarly, module temperatures can be mapped across the
PV plant. Temperature mapping allows detecting abnormal mod-
ules by comparison with neighbouring modules. This approach
can replace more complex deep learning classifiers for detecting
abnormal modules, as we will show. As opposed to the related
works, our method relies on both visual cues and measured GPS
trajectory for georeferencing. This improves robustness to GPS
measurement errors and allows to use standard GPS instead of
RTK-GPS. We further use videos instead of individual images.
Video analysis speeds up data acquisition and works not only
with automatic waypoint flights, but also with manual flights
performed ad-hoc for small and irregular plants. Videos also yield
larger amounts of data as each PV module is captured in multiple
video frames, which is beneficial for training machine learning
algorithms on the extracted data. Compared to our previous work,
requirements on the flight trajectory are less stringent, and, in
principle, plants with non-row layouts, such as rooftop plants, can
be processed. Having a single tool for different types of PV plants
is more cost-effective and requires less maintenance than multiple
plant-specific solutions. We also show that for regular plants,
multiple rows can be scanned simultaneously, which significantly
increases throughput.

II. METHOD

This section introduces our method for fully automatic extrac-
tion and georeferencing of PV modules from aerial IR videos.
For an overview see fig. 1. After acquisition with the drone, IR
videos of a PV plant are split into individual frames and the GPS
trajectory of the drone is extracted and interpolated. Following
Bommes et al. [10], PV modules are segmented by Mask R-CNN
[20], tracked over subsequent frames, extracted and stored to disk.
To georeference PV modules, a subset of keyframes is selected
based on travelled GPS distance and visual overlap. Subsequently,
a georeferenced 3D reconstruction of the PV plant is obtained
by incremental SfM alongside the 6-DOF camera pose of each
keyframe. This requires calibrated camera parameters, which are
obtained beforehand. The known keyframe poses are then used
to triangulate observed PV modules into the 3D reconstruction,
yielding the desired module geocoordinates.

A. Camera Model and Calibration

Several steps of our pipeline use a calibrated pinhole camera
model to project 3D scene points into image coordinates and to
triangulate image points into a 3D reconstruction of the scene.
Lens distortion is modelled by a Brown-Conrady radial distortion
model [21] with five distortion coefficients.

Calibration is performed once for each camera using OpenCV’s
[22] calibration method with around 150 images of a chessboard
calibration target (see fig. 2). The target consists of foil patches
applied to a polymer panel, providing sufficient contrast in the IR
image due to different emissivities. We obtain best results when
capturing calibration images outside on a cloudy day.

B. Drone Flight and Video Acquisition

Our method is intended to be used with IR videos acquired
by a drone, which scans one or multiple rows of a PV plant
at an altitude of 10m to 30m and at a velocity that ensures
blur-free images. Acquisition should take place under clearsky
conditions and solar irradiance above 700 Wm™. Similar to
our previous method [10], both nadiral and non-nadiral videos
can be processed and the camera angle and flight velocity may
be varied during the flight. For accurate georeferencing of the
SfM reconstruction the drone needs to travel a sufficient distance
in at least two orthogonal directions. Furthermore, the flight
altitude should be kept approximately constant in case standard
GPS is used and no accurate altitude measurement is available.
These requirements are much less restrictive than those of our
previous work, resulting in higher flexibility and robustness. It is,
for example, no problem, if the drone moves non-monotonically
along a plant row, or if the same row is scanned multiple times.
Furthermore, situations, in which the scanned row is cropped at
the top or bottom of the frame, or in which other rows become
visible in the camera viewport, can be handled.

For compatibility with the remaining processing steps, we split
the acquired IR videos into individual 16-bit grayscale images,
convert each image to Celsius scale, normalize to the interval
[0,255] using its minimum and maximum temperature value,
convert to 8-bit, and finally, perform histogram equalization.

C. Segmentation, Tracking and Extraction of PV modules

These steps correspond to our previous work [10] and are
therefore described only briefly. A Mask R-CNN instance seg-
mentation model, which is trained on a photovoltaic-specific
dataset, obtains a binary segmentation mask for each PV module
in each video frame. After fitting a quadrilateral to each mask,
the underlying image region is extracted, warped to a rectangular
region by a homography and stored as a 16-bit radiometric image
file. A tracking algorithm associates masks of the same PV
module over subsequent frames and assigns a unique tracking
ID to each module. The tracking ID is then used to group the
extracted image patches of each module.

D. Preprocessing of the GPS Trajectory

The drone records its latitude and longitude in WGS-84 co-
ordinates at a rate of 1 Hz. As we do not use RTK-GPS, the
measured altitude is unreliable and we assume it as unknown in
the subsequent steps. To match the rates of GPS measurements to
the higher frame rate of the camera, we perform piecewise linear
interpolation of the GPS trajectory and sample a GPS position
for each frame. Prior to this, we transform the trajectory from
WGS-84 coordinates to local tangent plane (LTP) coordinates
[23]. LTP coordinates are Cartesian with their origin at or near the
inspected site. This enables accurate interpolation and enhances
numerical stability in the subsequent SfM procedure.
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Figure 1: Overview of our method for automatic extraction and georeferencing of PV modules from aerial IR videos.

Figure 2: Examplary IR image of the camera calibration target.

E. Selection of Frames for Reconstruction

In this step we select a subset of partially overlapping
video frames for the subsequent SfM procedure, which we call
keyframes. Subsampling the frames keeps the computational cost
of the SfM procedure, which is quadratic in the number of frames,
within an acceptable range. It also decouples SfM from the video
frame rate, simplifying the use of different cameras. SfM further
benefits from the larger parallax between any two keyframes,
ensuring more accurate triangulation of scene points.

We select a frame as a keyframe if i) its distance to the
previous keyframe along the GPS trajectory exceeds 0.75 m, or
if ii) its intersection over union (IoU) with the previous keyframe
is smaller than 85 %. To obtain the IoU, ORB features [24] of
the frame and the previous keyframe are extracted and matched.
A homography is estimated from the matches, which projects
the bounding rectangle of the frame onto that of the previous
keyframe. The IoU is then the intersection area of both rectangles
divided by their total area.

One advantage of capturing videos over individual images, is
the ability to adjust the overlap between images after the data is
already captured.

FE. Reconstruction of Camera Poses with SfM

In this step the 6-DOF camera pose of each keyframe is recon-
structed using OpenSfM, an incremental SfM library [25]. Inputs
are the calibrated camera parameters and the selected keyframes
with their GPS positions in LTP coordinates. Due to unavailability
of reliable measurements we set the GPS altitude to zero and fix
the dilution of precision (DOP) to 0.1 m. Outputs are the rotation
and translation of each keyframe in a LTP coordinate system and a
3D point cloud of reconstructed scene points, which is not further
needed. An example is shown in fig. 4a. In the following, we
explain briefly how the SfM library works.

1) Feature detection and matching: The SfM library first
finds HAHOG features [26], i.e. characteristic points, in each
keyframe. Overlapping frames are then found by matching these
features between pairs of frames. To limit the search space
matches are computed only for frame pairs which are at most 15 m
apart.

2) Initialization of the reconstruction: One frame pair with
sufficient parallax is selected for initialization of the reconstruc-
tion. The pose of the first frame is set as world coordinate
origin. The pose of the second frame relative to the first frame
is estimated with the five-point algorithm [27] or, in case of a
planar scene, by decomposing a homography [28]. An initial set
of 3D scene points is triangulated from the matched feature points
in both frames.

3) Iterative reconstruction: Starting from the initial frame pair
the other keyframes are added incrementally to the reconstruction.
In each iteration the frame with most matches to any of the recon-
structed frames is selected. Its pose is estimated from observed
3D scene points in the reconstruction and their corresponding
2D projections in the frame by solving the perspective-n-point
problem [29]. Subsequently, new scene points are triangulated
from feature points shared between the newly added frame and
other frames in the reconstruction. Afterwards, the entire re-
construction is rigidly transformed, so that camera positions best



align with their measured GPS positions. In regular intervals
bundle adjustment optimizes all reconstructed camera poses and
scene points simultaneously by minimizing the reprojection error
of the scene points in all frames. Here, camera positions are
kept close to their measured GPS positions. Additionally, camera
parameters are refined. We use these refined parameters in all
subsequent steps.

4) Post-processing of the reconstruction: Under some circum-
stances the reconstruction of a long video sequence can fail
partially. This results in multiple partial reconstructions each
with a different LTP coordinate origin. To register all partial
reconstructions in a common LTP coordinate frame, we transform
each partial reconstruction to WGS-84 coordinates using the
reconstruction-specific LTP origin. We then transform the recon-
struction back to LTP coordinates, this time using the common
LTP origin. This common origin is arbitrarily set to the origin of
the first partial reconstruction.

G. Obtaining Geocoordinates of PV Modules

Once the keyframe poses are reconstructed, we triangulate the
corner/center points of segmented PV modules into the recon-
struction, yielding corresponding LTP geocoordinates. Examples
of this are shown in fig. 4b and 4c. Due to inaccuracies in the
module segmentation a robust triangulation procedure and subse-
quent refinement of the obtained LTP coordinates are required.

1) Triangulation of PV modules: For each tracked module,
we obtain pixel-coordinates of the four corner points and the
center point in all keyframes, in which the module is visible.
Modules observed in less than two keyframes are skipped as
they are likely spurious detections and triangulation is impossible.
The five module points are then undistorted with the calibrated
Brown-Conrady model, and triangulated from all possible pairs of
keyframes, in which they are observed. The so triangulated points
are only retained if the following two conditions are met: i) The
angle between the two viewing rays is larger than 1° for all five
points, and ii) none of the reprojection errors of the five points
exceeds a threshold of 5 pixels. As there are typically several
pairs of keyframes observing the same module, we get a noisy set
of triangulated modules (see fig. 3a). We fuse them robustly by
computing the median of corresponding points (see fig. 3b).

2) Merging of duplicate detections: A PV module may be lost
during tracking and reappear a few frames later with a different
tracking ID, resulting in multiple overlapping triangulations of
the module in the reconstruction (see fig. 3b). This step identifies
and fuses such duplicates. To this end, for each keyframe, all
triangulated modules are projected back into the frame. Two or
more modules are identified as overlapping if the mean Euclidean
distance between the corresponding four corner points and the
center point is smaller than 20 pixels. To merge overlapping mod-
ules, module points are re-triangulated according to the procedure
above, this time using all keyframes of the overlapping modules.
The result is shown in fig. 3c.

3) Refinement of triangulated modules: The triangulation is
further refined by moving nearby PV module corners closer
together, yielding a smoother result (see fig. 3d). To this end,
we build a graph containing all triangulated module points as
vertices P and edges between those points that are close to
another. Points are considered close if their Euclidean distance is
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Figure 3: Steps of PV module triangulation: a) initial triangulation from
all keyframe pairs, b) after computing median points, c) after merging
duplicates, and d) after iterative refinement.

at most 1 m in the reconstruction and 20 pixels in projected image
coordinates. Given this graph we use the g2o graph optimization
framework [30] to obtain refined module points P* by optimizing
the following objective

P* = arg min Z Ph (egjﬂijeij) . (1)
(i,5)€C

Here, C is the set of pairs of indices for which an edge exist,
e;; = P; — P; is the difference between two points, and €2, is
the information matrix, which we set to the identity matrix. The
robust Huber cost function p;, reduces the impact of outliers.

We do not apply any further refinements, such as aligning
surface normals of modules, or enforcing a rectangular shape,
to retain maximum flexibility of our method with respect to the
layout of PV modules.

H. Final Dataset Structure

After triangulation, LTP coordinates of PV module corners
and center points are transformed back to WGS-84 coordinates
and stored in a GeoJSON file together together with the module
tracking ID. Similarly, the extracted IR patches of each module
are stored as image files in a directory named after the tracking ID.
This dataset structure allows for analysis of the extracted image
patches and visualization of results on a map.

III. EXPERIMENTS & RESULTS

In this section, we apply our method to five different PV plants.
We quantify the module extraction success rate together with the
georeferencing error, and validate the tools’ ability to process
multiple plant rows in parallel. We further map predicted module
anomalies and module temperatures and investigate, to what
extent the temperature distribution can replace a deep learning-
based classifier for the detection of abnormal modules.

A. Video Dataset

To validate our method, we acquire IR videos of five PV
plants in Germany with a combined 35084 PV modules using
a drone of type DJI Matrice 210. Tab. 1 contains details of
the PV plants, drone flights and weather conditions during data
acquisition. Plants A to D are large-scale open-space plants with
regular row-based layouts. Plant E is a less regular arrangement
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Figure 4: Reconstruction results of the SfM procedure: a) reconstructed feature points (grey) and camera poses (blue line and black camera frustrums),
b) with triangulated PV modules, c) top-down view on the triangulated modules of an entire PV plant.
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Figure 5: Exemplary IR video frames of the PV plants in our study.

of PV arrays mounted on several rooftops. All plants consist
of 60-cell crystalline silicon modules. Videos of plants A, B
and E are recorded by a DJI Zenmuse XT2 thermal camera with
640 x 512 pixels resolution, 8 Hz frame rate and 13 mm focal
length. For plants C and D we use another variant of the DJI
Zenmuse XT2 with 30 Hz frame rate and 19 mm focal length.
Fig. 5 shows exemplary video frames from our dataset. Note, that
we could not use the dataset from our previous work due to an
exchange of our camera and unavailability of calibrated camera
parameters.

B. Module Extraction Success Rate

We apply our method on the five PV plants in our video dataset
and extract over 2.2 million IR images of the 35084 PV modules
of all plants (on average 64.1 images per module). Additionally,
geocoordinates are obtained for each module as exemplary shown
for plant B in fig. 6 (for the other plants see appendix A-A). As
detailed in tab. 2, 99.3 % of all modules are successfully extracted
and georeferenced. As compared to the 87.8 % success rate of our
previous work, we now miss only one in 140 modules instead of
one in eight. This 18-fold improvement of the extraction success
rate is mostly due to the higher robustness of our new method
to errors in the data acquisition process, such as cropping of the
scanned row, double acquisition of the same row, or small loops in
the drone trajectory. Such an error caused our previous method to
loose all modules in an entire plant row. Opposed to that, our new
method can handle many of those acquisition errors, and fails at
most locally for a few modules. The almost perfect success rate of
our new method is important in practice, as every missed module

Figure 6: Map with estimated geocoordinates of PV modules in plant B.

is a missed opportunity to increase yield and profitability of the
plant. Furthermore, safety critical anomalies (e.g. fire hazards)
could be overlooked.

Tab. 2 also contains a detailed breakdown of the failure modes
of the 234 modules missed by our method. In total, 13 modules
exhibit substantial distortions, and 40 modules are missing in
the reconstructions, because they are not covered by sufficiently
many video frames to be accurately triangulated. Another 181
modules appear multiple times in the reconstruction because the
merging procedure (sec. II-G.2) failed. This happens for modules
appearing in video frames, which are temporally far apart. As
these frames have a large relative pose error (due to the use of
standard GPS) the triangulated modules do not align well and
can not be merged correctly. This can most likely be mitigated
by using RTK-GPS. Finally, there are 24 false positive modules
corresponding to other objects, which are mistaken as PV modules
by the Mask R-CNN segmentation model.

C. Georeferencing Accuracy

In this section we quantify the accuracy of the georefer-
enced PV module locations in terms of the root mean square
error (RMSE) between estimated LTP geocoordinates (é,7) and
ground truth geocoordinates (e, n) of N selected PV modules

1 < 1 &
RMSE = | =Y (& —e)?+ = Y (i —m)*. (2
S N 2 (&, —e)” + N 2 (i —ny) )

Here, e and n are the east and north positions in the LTP
coordinate system. The altitude coordinate is omitted as for
mapping only the horizontal error is of interest. Because point



Table 1: Details of PV plants, drone flights and weather conditions in our study. Start and end time are in UTC+2:00. Peak velocity is the 99.9 %
quantile of all velocities estimated from position and time delta of subsequent video frames. Weather data is from Deutscher Wetterdienst [31]. We

report mean and standard deviation of measurements taken at the nearest weather station every 10 minutes during the flight.

Plant Details Flight Details Weather Conditions
ID #Modules Type Start time End time # Frames Distance Peak velocity Air temp. Global radiation Wind speed ‘Wind dir.
A 13640 open-space 10:28:48  12:40:14 42272  7612m  4.1ms”! 259+05°C 397418 Jem?2 28+04ms! WSW
B 5280 open-space 13:37:59  14:14:30 13715 2929m  4.1ms™! 26.8£04°C 303461 Jem? 3.6+04ms™! SW
C 6210 open-space 12:16:21  12:39:05 34593 2468m  6.6ms! 223+£03°C 462410.6Jecm™2 57+0.6ms™! WNW
D 8460 open-space 11:01:00  11:33:34 50348 3479m  7.2ms! 234+02°C 574415 Jem? 20+08ms™! W
E 1494 rooftops 11:30:24  11:54:02 4527 485m  4.2ms™! 19.04+03°C 428430 Jem? 2.6+03ms™' SE

Table 2: Numbers of PV modules and module image patches extracted
from the plants in our dataset. Failures are missing (MM), duplicate (DP),
distorted (DS) and false positive (FP) modules.

Plant # Modules # Patches # Failures

Total Extracted Extracted ©@/Module MM DP DS FP
A 13640 13463 398221 29.2 18 152 7 13
B 5280 5246 140120 26.6 6 28 0 3
C 6210 6200 635437 102.3 4 1 5 2
D 8460 8453 936867 110.8 7 0 0 4
E 1494 1488 138008 90.8 5 0 1 2
Total 35084 34850 2248653 64.1 40 181 13 24

correspondences have to be found manually, we select only every
11th module in every second row of the plant and consider only
the top-left module corners. We further limit the accuracy analysis
to plant A, as it is the largest plant in our dataset and the only one,
for which a ground truth is available. Ground truth positions are
obtained from an orthophoto of the plant. This is possible, as this
orthophoto exhibits a small RMSE of less than 2 cm, facilitated
by the use of RTK-GPS, ground control points, high-resolution
visual imagery and a higher flight altitude.

The RMSE for the entire plant is 5.87m. This is close to
the expected 4.9 m accuracy of GPS under open sky conditions
[32]. However, the RMSE is not constant for the entire plant, but
instead smoothly increases from 0.42 m in the east to 9.39 m in the
west. This also becomes evident in fig. 7, which shows the spatial
interpolation of the RMSE over the entire plant. This error drift in
the SfM reconstruction is most likely caused by the low accuracy
and unknown DOP of the measured GPS trajectory of the drone.
As the SfM reconstruction consist of seven partial reconstructions
and we do not use ground control points, another possible cause
is misalignment of the partial reconstructions.

To analyze the distortion of each individual row, we remove the
trend in the RMSE distribution. To this end, we align each row
with the respective ground truth positions prior to computing the
RMSE for the row. The resulting per-row RSME values range
from 0.22m to 0.82m, indicating low distortion of individual
rows. Due to this, accurate localization of PV modules within
the plant is possible, despite the large absolute RMSE of 5.87 m.

D. Simultaneous Processing of Multiple Rows

One important advantage of our new method is the ability to
process multiple PV plant rows simultaneously. We validate this
experimentally by acquiring IR videos of the first 12 rows of plant
A. We perform three flights, scanning one, two and three rows at a

RMSE / meters

m\\\llllm §

Figure 7: RMSE between ground truth and estimated horizontal geo-
coordinates of PV modules in plant A. The RMSE is computed for
selected points (black dots) and linearly interpolated on a 4000 x 800
grid (heatmap).

Table 3: Results for simultaneous scanning of one, two and three rows.

One Row Two Rows Three Rows
Flight distance 1307 m 681 m 461 m
Flight duration 707 s 338s 189s
Average module resolution 141 px x 99px  73px x S0px 46 px x 33 px
Module throughput 3.3657! 7.0357! 12.57s7!

time. Fig. 8 shows exemplary video frames of each flight as well
as the reconstructions of modules and flight trajectories produced
by our method.

As reported in tab. 3, scanning two and three rows simul-
taneously speeds up the flight duration by a factor of 2.1 and
3.7, respectively. Module throughput increases accordingly from
3.3657! to 7.03s7! and 12.57 s7!. This means, scanning all 2376
modules of the 12 selected rows takes only 338 or 189 seconds
when scanning two or three rows at a time. Additionally, flight
distance decreases by a factor of 1.9 and 2.8. This has the benefit
of increasing the range of the drone before a battery change
is needed. The cost for the improvement in throughput is a
two- or threefold reduction in the resolution of extracted module
images. Furthermore, we found the manual flight is slightly more
complicated when scanning three rows at a time instead of one
or two, because it is easier to miscount the rows when shifting
over to the next row triplet. However, this is not a limitation when
flying autonomously.

This experiment confirms the ability of our method to signif-
icantly increase throughput simply by scanning more than one
plant row at a time. This is highly relevant in practice, as it
significantly reduces duration and cost of the inspection. It is
also an improvement over our previous method [10], which could
process only one row at a time.

E. Mapping Module Anomalies

In this section we apply a deep learning-based binary classifier
to the extracted IR image patches of each PV module in plant A,



Figure 8: Top row: Exemplary video frames for scanning one, two and
three PV plant rows simultaneously. Bottom row: Resulting reconstruc-
tions of modules and flight trajectory.

which predicts whether the module is abnormal or not. ' We
then use the estimated module geocoordinates to visualize the
distribution of abnormal modules on a map (see fig. 9). Since
there are multiple images for each module, we can plot the
fraction of images, in which a module is predicted as abnormal.
We call this the anomaly ratio. As opposed to a simple binary
prediction, the anomaly ratio is an approximate indicator for
the severity of a module anomaly. This is, because for severe,
i.e. clearly visually expressed, anomalies the classifier is more
confident, reaching a larger consensus of its predictions over all
images of a module.

The so obtained anomaly map enables not only targeted repairs
of severely abnormal modules, but also facilitates the identifica-
tion of fundamental problems of the plant. For the analyzed plant,
we find for example, that anomalies occur much more frequently
in the bottom row, where modules are closer to the ground, rather
than in the top row. A possible explanation for this is the intrusion
of moisture into the PV modules near the ground. Being aware
of such an issue allows the operator to monitor affected modules
more thoroughly and to take action to prevent further damage to
the plant.

F. Mapping Module Temperatures

Apart from module anomalies, we visualize the spatial distribu-
tion of module temperatures in plant A (see fig. 10). Temperatures
are obtained from the extracted IR image patches of each module
and plotted on a map using the module geocoordinates. For each
module the maximum, minimum, mean or median temperature
over the module area can be computed. Prior to this, we cut away
a few pixels (5 % of the image width) from the image borders to
ignore module frames and mounting brackets. To obtain a final
temperature value for each module, we take the mean over the
values estimated for each of the image patches of the module. As
opposed to using a single representative image patch or the maxi-
mum over all patches, the mean is more robust to artifacts, which
may be present in some of the module images. Of both mean
and maximum temperature distributions, we find the maximum
temperatures (see fig. 10b) more informative as they are sensitive
to the local hot spots typically occurring in abnormal modules.

I'We use the ResNet-34 convolutional neural network (CNN) classifier from
Bommes et al. [19], which is trained with a supervised cross-entropy loss on
labelled IR module patches of plant B in the dataset of the original work.
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Figure 9: Map of predicted module anomalies in a section of plant A.
On the left, IR images of the modules highlighted on the map are shown.
Their temperature range is 30 °C (black) to 50 °C (white).

However, both mean and maximum module temperatures reveal
the global temperature distribution of the plant, which is not
constant, but exhibits a low-frequency pattern with temperature
differences of up to 15K. As module images are acquired over
a duration of 132 minutes, possible explanations for this pattern
are slow changes in the solar irradiance [33], cloud cover [34],
[35], air temperature, wind speed, and camera temperature [36].
The temperature distribution is also affected by local differences
in the radiative and convective heat transfer, and by the number of
neighbouring modules, leading to cooler modules at the edges of
each plant row [37]. Direct use of this temperature distribution
for anomaly detection is not possible, as there is no common
threshold value, which separates normal from abnormal modules.
To account for this, we compute local temperature differences
between neighbouring modules. Specifically, we subtract the
median of the maximum module temperatures of all neighbouring
modules within a radius of 7 m from each module. Fig. 10c shows
the resulting relative maximum module temperatures. These
relative temperatures are independent of the changes in environ-
mental conditions during the flight, and consequently facilitate
detection of abnormal modules by selecting a suitable temperature
threshold.

Apart from locally overheated modules, the temperature distri-
bution allows to identify string anomalies. For example in plant A,
there is an inactive string (in the middle of the 19th row counted
from the bottom), which is clearly visible in the temperature map
(see fig. 10). Being able to identify such anomalies is important,
as an entire inactive string causes large yield and power losses.

G. Anomaly Detection with Module Temperatures

In this section we analyze, whether the relative maximum
module temperatures (see fig. 10c) alone are sufficient to accu-
rately identify abnormal modules, and whether they can replace
the more complex deep learning-based anomaly classifier from
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Figure 10: Map of plant A showing the distribution of mean (a) and
maximum (b) module temperatures. Each value is the average over
all images showing a module. For higher contrast temperatures are
clipped below 30°C and above 50°C. In (c) local differences of the
maximum module temperature are emphasized by subtracting the median
temperatures of neighbouring modules within a radius of 7 m.

sec. III-E. To this end, we manually label all 13463 modules of
plant A as healthy or as abnormal with one out of the ten anomaly
classes shown in fig. 11. For each module a binary anomaly
prediction is obtained by comparing its relative maximum module
temperature to a specified threshold value. Similarly, for the deep
learning classifier we compare the anomaly ratio (see fig. 9) of the
module to a threshold value.

As common in the anomaly detection literature [38]—[40], we
quantify the anomaly detection performance as the area under
the receiver operating characteristic (AUROC). This metric is
independent of a specific threshold value, and therefore, enables
a fair comparison of both classifiers, which depend differently on
their threshold values. AUROC is defined as the area under the
true positive rate TPR = TP/(TP + FN) plotted against the false
positive rate FPR = FP/(FP + TN) at different threshold values.
Here, TP and TN are the numbers of correctly classified abnormal
and healthy modules, and FP is the number of healthy modules
falsely classified as abnormal and FN the number of abnormal
modules falsely classified as healthy.
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Mh: Module Sh: Substring Pid: Potential-
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Figure 11: Exemplary IR images of the module anomaly classes in our

analysis. Temperature ranges from 30 °C (black) to 60 °C (white). The

figure is adopted from our previous work [10].

Tab. 4 reports the resulting AUROC scores for each anomaly
class and an overall AUROC score, which considers all anomaly
classes. The results indicate that both module temperature distri-
bution and deep learning classifier perform equally and nearly per-
fect on severe anomalies (Sh, Cs+, Cm+), while they complement
each other on the less severe anomaly classes. The deep learning
classifier performs better for Pid, Cs and Cm anomalies, which
are characterized by low temperature gradients, and are therefore
not as accurately identifiable by the temperature distribution. On
the contrary, the temperature distribution performs better for D,
So, Chs anomalies, which have large temperature gradients and
a small spatial extent. The small spatial extent makes detection
of these anomalies difficult for a convolutional neural network.
Both classifiers perform poorly on homogeneously overheated
modules (Mh) because their predictions are based on temperature
differences within the image (deep learning classifier) or within
the local neighbourhood of modules (temperature distribution).
However, using absolute instead of the relative maximum module
temperatures allows to accurately identify Mh anomalies (see
sec. III-F).

Summing up, the module temperature distribution can super-
sede a complex deep learning-based anomaly classifier for the
detection of seven out of ten common module anomalies in a
PV plant. This is beneficial for practical applications because
of the simplicity, higher speed and better interpretability of the
temperature distribution. Furthermore, no training is required,
which saves the effort of creating a labelled training dataset and
circumvents the issue of having to generalize from the training to
the test dataset.

IV. CONCLUSION

In this work, we developed a method for the automatic extrac-
tion and georeferencing of PV modules from aerial IR videos,
which can be used for fully automatic PV plant inspection.
One possible future improvement of our method is the use of
centimeter-accurate RTK-GPS instead of standard GPS, which



Table 4: AUROC scores for the detection of module anomalies in plant A
by the module temperature distribution versus a deep learning classifier.
Scores of the better classifier and scores above 99 % are in bold.

Anomaly # Modules AUROC / %

Temp. Distribution Deep Learning CIf.

Mh 22 59.04 52.73
Sh 32 99.78 99.95
Pid 149 76.01 95.92
Cm+ 11 100.00 99.61
Cs+ 30 99.81 99.90
Cm 420 60.71 86.16
Cs 294 61.65 78.84
D 294 99.31 62.06
Chs 23 89.64 81.53
So 136 79.71 61.29
Overall 1411 74.31 78.04

could reduce the RMSE of module geocoordinates and stabilize
the SfM procedure. Similarly, accuracy and stability of the SfM
procedure could be improved by using visual videos instead of
IR videos, as visual videos provide a higher resolution, wider
viewing angle, color information and exhibit lower variation of
image intensities [41]. However, this requires accurate temporal
synchronization and spatial registration of the visual and IR
stream, which is a challenging task. Another future direction is the
correlation of the obtained temperature distribution with electrical
data, such as power and yield, which could provide additional
insights into the health state of a PV plant. Finally, our method
could be extended for augmented reality applications by rendering
a more immersive 3D model of the plant with overlaid textures,
module images and interactive reports for each module.
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A. APPENDIX

A. Additional Georeferencing Results
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Figure 12: Georeferencing results for all PV plants in our dataset.
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