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Abstract

The growing global energy demand, coupled with rising environmental changes, has resulted
in a rapid shift from fossil fuel-based energy systems to renewable energy sources. Among
all available renewable energy technologies, solar photovoltaic (PV) systems have emerged as
one of the most widely adopted due to their scalability, low levelised cost of electricity, and
low carbon foot-print. As the installed capacity of PV systems grows worldwide, particularly in
large-scale utility power plants, it becomes increasingly important to maintain their performance
and energy yield high over time.

One of the key challenges affecting the performance of PV systems is soiling, which refers
to the accumulation of dust, dirt, or other particles on the surface of PV modules. Soiling
reduces the amount of sunlight reaching the PV cells, leading to significant power loss and,
consequently, resulting in economic loss. This issue is particularly severe in arid and semi-
arid regions where dust accumulation is frequent. Past studies have shown that soiling can
reduce PV energy output by several percentages, and when scaled across large installations,
the economic impact becomes substantial. Hence, periodic cleaning of PV modules becomes
essential to maintain energy output and economic viability.

While cleaning solar panels are beneficial, they do incur cost and particularly accelerate
PV module degradation, if adequate care is not taken. Each cleaning operation involves labor,
water or robot cleaning. Therefore, determining when and where to clean within a large-scale
PV system is crucial. To tackle this, PV plants deploy soiling sensors that continuously monitor
the Soiling Ratio (SR), a metric that quantifies the performance loss due to soiling. However,
installing a large number of such sensors again becomes costly and requires regular calibration
and maintenance.

An alternative and cost-effective strategy is to directly analyse the PV SCADA data, which
includes high-resolution measurements of PV power output, irradiance, module temperature,
and other weather parameters. Several models, such as the Stochastic Rate and Recovery (SRR),
and Combined Degradation and Soiling (CODS) models, have been proposed in the literature to
estimate soiling loss from the SCADA data. However, these models have been tested primarily
on small-scale rooftop systems. They do not account for the real-world complexities observed
in large utility-scale PV plants, such as sensor noise, data logging errors, and shading effects.

To address these shortcomings, this thesis develops a comprehensive, scalable, and ro-
bust framework for PV soiling loss quantification. These includes accurate PV cleaning event

detection, analysing non-uniform soiling loss in a utlity-scale PV plant and designing opti-



mised cleaning schedules based on non-uniform soiling information using only PV SCADA
and weather data. It is to be noted that no soiling sensors as a reference were available for the
PV sites analysed in this thesis. The thesis begins with identifying the limitations of existing
models and establishes the need for a more rigorous and reliable method to process noisy PV
SCADA data and extract the true soiling signal.

A major portion of the thesis focuses on removing uncertainties and noise from SCADA
data, which is essential for accurately estimating PV performance loss due to soiling. A two-
step filtering approach is developed. The first filtering step deals with differential shadowing,
where either the pyranometer or a PV string gets shadowed due to transient cloud cover or other
obstructions like flying birds, leading to distortions in the PV performance ratio time-series data.
A custom filter is proposed to detect and remove such outliers by comparing the irradiance seen
by the pyranometer and the PV string. The second filtering step applies a modified Hampel
filter that can track both local and global anomalies in the daily PV performance time-series
data. This filter successfully reduces random fluctuations and ensures that only real soiling
signals are retained in the data. The utility of these filters is demonstrated by showing improved
detection of cleaning events and reduced false positives, which were not effectively handled by
earlier models like SRR.

Once reliable PV performance time-series were obtained, the thesis investigates the non-
uniform settlement of dust particles across different strings of a utility-scale PV plant. Large PV
plants often span hundreds of acres, and dust deposition varies spatially due to micro-climatic
differences, proximity to roads, or construction activities. Such non-uniform soiling cannot be
captured by a single soiling sensor. Hence, this thesis applies the proposed filtering algorithms
to string-level SCADA data and generates PV soiling maps, which spatially visualize the vary-
ing degrees of soiling across different zones of the plant. This novel representation can help the
plant Operations and Maintenance team in identifying the soiled areas and prioritizing them for
cleaning.

Building on this, the thesis proposes an optimised cleaning strategy that accounts for both
the spatial variation of soiling and the economics of cleaning a string. A novel zone-optimised
cleaning method is introduced. Instead of cleaning all the strings in a zone uniformly, this
method determines the most soiled string within each zone. It then, schedules cleanings for
the remaining strings of that zone based on the cleaning days of the most soiled string of that
zone. This approach demonstrates improved energy yield and cost-effectiveness compared to
cleaning all the strings uniformly in a particular zone of the plant. It also helps reduce long-term
degradation due to uneven dust accumulation.

The thesis, thereafter, presents an automated framework for detecting PV cleaning events
using only SCADA data. Previous PV cleaning detection methods in the literature relied heav-
ily on manual tuning and visual inspection, which are impractical for large PV installations
with large number of strings. The proposed algorithm automates the selection of two critical
parameters: the moving median window length (in days) and the o threshold, enabling accurate

detection of real CEs without manual intervention. The algorithm was validated on PV sys-
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tems comprising both rooftop and utility-scale plants. It showed good performance on systems
lacking on-site weather data, thus demonstrating its adaptability.

In addition to detecting manual or rain-induced cleaning, the thesis explores the important
phenomenon of partial cleaning of a PV system due to wind under dry conditions. In the
Appendix, a case study from one of the ground-mounted PV installations analysed in this thesis
is presented, where wind speed and relative humidity data were correlated with improvements
in the daily PV performance ratio. It was shown that high wind speed combined with low
relative humidity led to loosely adhered dust being blown away, thereby naturally cleaning the
PV surface. This phenomenon was supported by comparative analysis over periods when wind
speed was high but RH was also high, where no cleaning was observed.

In summary, this thesis makes the following key contributions:

* Proposes a robust noise-filtering method to isolate true soiling signals from outliers in the
SCADA data.

* Applies the developed noise-filtering models to analyse non-uniform soiling in large-scale
PV systems and generate PV soiling maps.

* Designs a zone-wise cleaning strategy based on non-uniform PV soiling information that
generates high cleaning profits and also improves PV plant energy yield.

* Introduces a fully automated PV cleaning event detection algorithm to quickly quantify
PV soiling loss of a utility-scale PV plant, having multiple PV strings without the require-

ment of manual intervention.

These approaches therefore form a complete, data-driven framework for PV soiling mon-

itoring and management that can be used in both small rooftop and large PV plants.
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Chapter 1

Introduction

1.1 Background and Motivation

With the growing urgency to reduce global CO; emissions, the shift from conventional fossil
fuels to renewable energy sources has become increasingly critical [[1]. Among the various
renewable energy options, solar photovoltaics (PV) stands out as one of the most widely adopted
technologies. In 2024 alone, around 602 GW, of solar PV capacity was installed worldwide,
bringing the total cumulative capacity to approximately 2.2 TW, [2].

As the world enters the PV terawatt era, the size and capacity of solar PV installations are
rapidly increasing. With this growth comes the challenge of maintaining these systems. When
deployed in the field, PV modules are exposed to harsh environmental conditions, including
intense UV radiation, high ambient temperatures, and high humidity, leading to gradual perfor-
mance degradation over time [3]. Additionally, extreme weather events like floods, cyclones,

and hailstorms can cause more severe, sometimes permanent, damage to these systems [4-6].

One of the most common factors contributing to PV performance loss is the accumulation
of contaminants on the top surface of PV modules, a phenomenon known as soiling. These
contaminants typically consist of fine particles (< 500 um) like dust, pollen, fibers, and other
organic matter, which block sunlight from reaching the solar cells through the glass cover [7]].
Previously, Ilse et al. estimated that the global revenue loss due to soiling in 2018 was approxi-

mately 3-4 billion € for a cumulative installed capacity of approximately 460GW ,, highlighting



the significant economic impact of this issue [8]]. Focusing on India, the country receives abun-
dant solar radiation, making it a promising region for green energy. Under the Jawaharlal Nehru
National Solar Mission, which was launched in 2010, India aims to reach 280 GW/, of installed
solar capacity by 2030. As of April 2025, the total installed solar capacity in India stood at
around 107 GW,, [9]. However, the country also faces high levels of soiling 8], which means
the associated performance and revenue losses are significant. To mitigate these losses, regular
cleaning of PV systems is essential, and to optimize this process, it is crucial to monitor the ex-
tent of soiling losses. This would in-turn enable PV plant Operations and Maintenance (O&M)

team to make informed decisions about when to clean the systems.

1.2 Monitoring PV soiling loss

To efficiently clean a PV system, it is essential to monitor the extent of soiling it experiences.
There are several methods available for this purpose, each with its own advantages and lim-
itations. One common approach is to use soiling sensors, which are installed alongside PV
systems in the field. These sensors measure the Soiling Ratio (SR), defined as the ratio of the
power output from a naturally soiled PV system to that of a regularly cleaned reference PV
system [[10]. These sensors are widely used globally and are often referred to as electrical-
based soiling sensors [[11]]. In recent years, optical-based soiling sensors have also gained pop-
ularity [12]]. However, these optical sensors are generally considered less accurate than their

electrical counterparts.

Another cost-effective approach to quantify soiling loss is to directly analyze the PV gen-
eration data. Several models have been developed for this purpose. One of the earliest is the
Fixed Rate and Precipitation (FRP) model, which relies on precipitation data to estimate soiling
losses [13]. An improvement over this approach is the Stochastic Rate and Recovery (SRR)
model proposed by Deceglie et al. [14], which can estimate soiling losses without requiring
precipitation information. A further advancement is the Combined Degradation and Soiling
(CODS) model introduced by Skomedal and Deceglie [15]]. This model can simultaneously
assess both soiling and long-term degradation, providing a more comprehensive understanding
of PV performance over time.

These models are particularly useful because they do not depend on dedicated soiling
sensors, making them cost-effective for large-scale PV plants. However, they can be sensitive

to noise in the data, a common issue when analyzing utility-scale PV systems.



1.3 Aims and Objectives

Soiling detection algorithms such as the SRR and CODS models, also available through tools
like RdTools [16], have introduced new ways to estimate soiling losses using historical PV
SCADA data. While these methods are useful, they still face several limitations that can affect

their accuracy and reliability.

One of the main limitations is that these models do not provide a robust approach to
remove the effects of shadows, cast mainly on the PV modules but not on the pyranometer. In
past studies, researchers have typically applied time-based filters to process daily SR or daily
PV Performance Ratio (PR) data [[14}|17-21]]. As highlighted by Gostein et al. [22]], both SR
and PR values can vary significantly throughout the day, particularly due to changes in the angle
of sunlight. Researchers focused on measurements taken around solar noon, a time when the
sun is at its highest point in the sky. This period tends to minimize the effects caused by the
angle of incidence, which can distort measurements due to light scattering off soiled surfaces.
Additionally, researchers have used irradiance thresholds to filter out data collected during low-
irradiance (cloudy) conditions [14}17,20,21,23,24]. This is because during cloudy periods, the
irradiance received by the PV panels drops, which can add uncertainty to the data. While these
filtering methods help improve data quality to some extent by removing shadows cast on the
pyranometer (using irradiance threshold), they do not ensure that all instances of shadowing,

especially those affecting only the PV modules, are removed from the dataset.

For instance, in a large utility-scale PV plant spread across acres, a moving cloud might
cast a shadow only on the PV array but not on the pyranometer. In such cases, neither the
time-based filter nor the irradiance threshold can remove the impact of this partial shadowing.
As a result, when daily performance data is aggregated, these shadow-affected PR values may
be mistakenly interpreted as genuine soiling losses, which leads to incorrect soiling estimates.
Therefore, this thesis presents a reliable method to detect and filter out such partial shadowing

effects.

As further highlighted by Muller et al. [25]], one of the key challenges with the existing
soiling models like SRR and CODS is their limited performance when applied to real-world
field data. These models were developed and tested on either synthetic datasets or data col-
lected from small-scale PV systems that are usually well-maintained. However, the situation is
different when it comes to utility-scale PV plants. SCADA data from such large systems often
contain significant levels of noise. This can arise from factors like erratic weather conditions,
especially during monsoon seasons with heavy cloud cover. This can lead to sudden fluctuations
in the solar irradiance data, affecting the stability of PV power output readings. Additionally,
the use of inaccurate or poorly calibrated sensors can introduce measurement errors. Problems

related to data logging, such as missing values, also contribute to the overall noise in the dataset.



The SRR model, in particular, is sensitive to these types of noise, when applied to utility-
scale PV data. It identifies false cleaning events or unexpected performance shifts, that may not
reflect actual change in the PV system performance. As a result, it can generate inaccurate esti-
mates of soiling loss. Given these limitations, this thesis introduces an improved noise-filtering
method that aims to address the challenges specific to utility-scale PV data. By carefully filter-
ing out noise and identifying true PV cleaning events more accurately, this approach enables a

more reliable estimation of soiling losses.

Another important aspect of PV soiling w.r.t. utility-scale PV plant is the uneven accumu-
lation of dust across different parts of the plant, which is referred to as non-uniform soiling [33].
Because of this uneven deposition, some PV strings may get more heavily soiled than others,
leading to spatial variation in power generation across the plant. In such cases, cleaning only
the more heavily soiled strings, rather than cleaning the entire plant uniformly, can lead to better
energy recovery, higher revenue, and improved cleaning profit [27]. To achieve this, it becomes
essential to determine the optimal number of cleanings. Several cleaning optimization algo-
rithms have been proposed in previous studies, but most of them have not taken the effects of
non-uniform soiling into account [23,28-30]. Moreover, a majority of these studies are based
on small PV systems, which do not fully capture the complexity of a utility-scale PV plant.

After a thorough review of existing literature, it is evident that although non-uniform soil-
ing is a well-recognized issue, it has not received sufficiently focused treatment. Therefore,
this thesis examines the impact of non-uniform soiling on a utility-scale PV plant in India. It
presents an approach to optimize cleaning schedules by considering the soiling non-uniformity
information. This approach aims to improve energy generation while minimizing cleaning
costs, making the O&M operations more efficient and cost-effective.

One of the most important steps in accurately estimating soiling loss is the correct identi-
fication of cleaning events. These events can be triggered by natural rainfall, manual cleaning
by the operations team, or even partial cleaning caused by wind under dry conditions. The
SRR model, which is widely used for this purpose, relies on two key parameters: the length of
the moving median window (measured in days) and a scaling factor (). In the SRR model,
these values are set at 14 days and 1.5, respectively. However, studies by various researchers
have shown that these fixed values do not always work well, especially when applied to PV
SCADA datasets from different geographic locations or systems with varying levels of soiling
and noise [19,25,27]. The optimal values of these parameters often depend on the specific char-
acteristics of the dataset. Hence, researchers have tuned these parameters manually by visually
inspecting the data and adjusting the values through trial and error until the cleaning events

appear to be correctly identified.

While this approach might be manageable for small rooftop PV systems, it becomes highly
impractical for utility-scale plants. These large installations consist of large number of PV

arrays spread across vast areas, making visual inspection time-consuming and computationally



intensive. Hence, one of the aims of this thesis is to develop an automated approach for cleaning

event detection, where the algorithm itself determines the optimal parameter values. This will

make the process scalable for large PV systems, without compromising the accuracy of soiling

loss estimation.

1.4

Thesis outline

This thesis is organised into seven chapters, each focusing on a specific aspect of PV soiling. A

brief overview of each chapter is provided below:

(a)

(b)

(c)

(d)

(e

®

€3]

Chapter [I] introduces the background and motivation for the study of soiling loss in PV
systems. It highlights the importance of accurately tracking and mitigating soiling to
maintain PV performance. The chapter also outlines the primary aims and objectives of
the thesis.

A detailed review of existing literature is presented in Chapter [2] covering the adverse
effects of soiling on PV performance, the use of soiling sensors in utility-scale PV plants,
and a number of well-established soiling loss estimation models. The strengths and limi-

tations of these models are critically discussed to identify the current research gaps.

Chapter [3|provides a comprehensive description of the various PV sites analysed through-
out the thesis. It also explains the key metrics used for analysing PV SCADA data and
quantifying soiling loss, forming the foundation for the analyses in the subsequent chap-

ters.

Two key filtering techniques are introduced in Chapter 4l The first one is designed to
identify and remove the effects of shadows cast either on PV arrays or pyranometers,
while the second one removes outliers from the daily PV Performance Ratio time-series
data.

Building on the filtering algorithms developed in Chapter 4] Chapter [5]analyses the non-
uniform soiling loss across a utility-scale PV plant. The results are then used to develop
an optimised cleaning schedule aimed at maximising the net cleaning profit by targeting
the soiled PV strings.

Chapter [6] presents an automated framework for detecting PV cleaning events directly
from SCADA data. The proposed method is designed to efficiently process large volumes

of data, enabling faster soiling loss assessments across multiple PV sites.

Finally, Chapter [/| summarises the key findings and contributions of the thesis. It reflects
on the effectiveness of the proposed methodologies and discusses potential directions for

future research.






Chapter 2

Literature Review

This chapter presents a comprehensive review of the research work carried out in the field
of PV soiling. It begins by discussing the negative effects of soiling on the performance of
PV systems and then explores the models developed to monitor and assess these losses. In
addition, a brief overview of the different strategies available to mitigate soiling is also given.
Since the key focus of this thesis is on improving the monitoring of PV soiling, attention is
given to how different techniques have been used in the past to quantify soiling loss accurately.
These monitoring methods are not only important for understanding system performance but

also serve as essential inputs when determining optimal cleaning schedules.

2.1 Understanding the Detrimental Effects of Soiling on PV

Systems

PV soiling refers to the accumulation of dust and particulate matter on the surface of PV pan-
els. These particles, around ten times the diameter of a human hair, are typically composed
of a heterogeneous mix of materials such as pollen, fibres, organic debris, and atmospheric
pollutants [7]]. When solar irradiance strikes a soiled PV panel, a portion of the incident light
is reflected by the dust particles, another portion is absorbed by them, and only the remain-
der is transmitted through to the solar glass [[7,/31]. This reduction in transmittance leads to a

corresponding decrease in the amount of effective light that reaches the solar cells. As dust con-



centration on the panel surface increases, this reduction becomes more pronounced, resulting in

a significant reduction in energy yield over time.

Incoming solar radiation

(a)
Incoming solar radiation

(b)

Figure 2.1: Optical losses on (a) cleaned versus a (b) soiled PV module. A portion of the
incoming solar radiation in figure (b) gets reflected by the dust particles before reaching the
glass surface. (Reproduced from Ref. [7] © 2015 IEEE).

In recent years, soiling has emerged as one of the most common environmental factors
affecting PV performance globally. Ilse et al. [[8] estimated that soiling contributed to a 3-4%
reduction in global solar power production in 2018 for a cumulative installed capacity of ap-
proximately 460GW ,,, translating to an economic loss of approximately 3-5 billion €. These
findings underscore the critical impact of soiling on the financial viability and operational ef-
ficiency of solar PV systems. Figure [2.2] below illustrates the various forms of PV soiling
typically observed in the field. This is a big problem especially for countries like India, which
enjoys high levels of solar irradiation but also faces severe air pollution due to elevated particu-
late matter levels in the air [32]].

Dust accumulation on PV modules not only leads to a drop in power generation but also af-
fects their long-term reliability, thereby shortening their operational lifespan. In utility-scale PV
plants, non-uniform dust build-up across different strings can lead to temperature imbalances.

Lorenzo et al. observed that the temperature difference between a heavily soiled PV cell and a

8



relatively clean cell within the same PV panel exceeded 20 °C [33]]. Similarly, Sharma et al. re-
ported that during dry seasons, the soiled panel was over 3 °C hotter than the cleaned one [34].
These temperature differences can lead to the formation of cell hotspots, which degrade the
module performance over time. Kagan et al. also highlighted the negative consequences of
uneven soiling in utility-scale solar farms, showing that modules, part of PV array experiencing
higher soiling compared to lower soiled arrays, experienced higher temperatures, which might

result in the formation of hotspots.

A Mineral dust B Bird droppings mwﬂ
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Figure 2.2: Different forms of soiling on the surface of a PV panel. (Reproduced with permis-
sion from Ref. [8]] © 2019 Elsevier).

The problem is further worsened by long-term dust accumulation. The All India Survey
(AIS) on PV plants across India reported that extended soiling led to permanent cementation
of dirt and visible glass discolouration near the lower edge of PV modules [36]. This kind of
staining persisted even after cleaning, which reduced solar glass transmittance, thereby, low-
ering PV energy output. Supporting this, Cui et al. documented similar effects in PV plants
in China, especially those with low-tilt installations in regions that receive little rainfall [37].
These installations developed soiling bands along the bottom edge of the modules, which over

time led to hotspot formation and further performance loss.

Pruthviraj et al. identified hotspots in a utility-scale PV plant, some of which were linked
directly to soiling [38]. The studied plant had been divided into zones or batches, and many
of the hotspots were found near the edges, likely caused by heavier dust accumulation on the
outer modules compared to those positioned further inside. Together, these studies provide
strong evidence of the harmful effects of soiling, particularly in large-scale solar farms where
uneven dust deposition can accelerate degradation, reduce energy output, and thereby endanger

the long-term sustainability of PV systems.

2.2 Monitoring PV Soiling Loss

Having described the adverse effects of PV soiling in the section [2.1] it becomes necessary to

monitor and track soiling accumulation on PV systems. Regular monitoring not only helps in
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identifying when performance has been significantly affected but also provides timely signals
to the O&M teams to take corrective action. This section explores the various approaches and

technologies used to monitor PV soiling losses in utility-scale PV farms.

2.2.1 PV Soiling Sensors

To monitor the effects of soiling on PV performance, the IEC 61724-1 standard recommends
the use of dedicated soiling sensors [10]. These sensors measure the energy loss caused by the
accumulation of dust and other particles on the surface of solar panels over time. They use the
Soiling Ratio (SR) metric, which is defined as the ratio of the power output of a naturally soiled
PV module to the power output of a reference module that is cleaned regularly. Soiling sensors
are broadly classified into two categories based on their measurement principles: electrical-

based and optical-based sensors.

Electrical-based soiling sensors typically consist of two small PV modules: one that is left
to natural soiling, and another that is cleaned through regularly. This setup is widely adopted
because it replicates the PV performance of an actual PV system. One of the most commonly
used devices in this category is the Atonometrics RDE300i [21,39,40]. This sensor is compat-
ible with a wide range of PV module technologies and is capable of operating at current and
voltage levels up to 30 A and 250 V, respectively. It includes a reference PV cell that is auto-
matically cleaned, which ensures more reliable irradiance and power measurements from the
clean module. However, automatic cleaning mechanism may not always be completely effec-
tive, especially under heavy soiling conditions. In such cases, corners or edges of the reference

module may remain partially soiled, leading to less accurate readings of the actual soiling loss.

To avoid the need for regular cleaning of the reference PV module, optical soiling sensors
were developed and are now commonly deployed in the field. One such sensor is the DUSST
soiling sensor [41]. This uses a controlled light source, typically a monochromatic LED, rather
than relying on natural sunlight, which can vary significantly throughout the day. The sensor
also includes a light detector encapsulated with a solar cell, whose surface is exposed to envi-
ronmental conditions and allowed to soil naturally over time. SR is calculated by comparing the
short-circuit current of the soiled detector with a previously recorded baseline value when the
surface was clean. While this design offers the advantage of consistent and controlled illumina-
tion, it also presents a key limitation. Because the sensor uses a single-wavelength light source,
it does not accurately represent the full solar spectrum to which PV modules respond. As a re-
sult, for PV technologies with broad spectral responses, this mismatch can lead to inaccuracies

in soiling measurements.

These soiling sensors, both electrical and optical—provide daily measurements of the SR,

which can be a valuable input for the plant’s O&M team. By tracking SR regularly, the team

10



Solled Clean Modulen‘
Module Reference Cell

Spray
Atonometrlcs Water Storage
Contml and — & Control for

Cleaning
Measurement Feraleled

m

Remote
Transmission Computer/Storage

(a) (b)

Figure 2.3: Atonometrics RDE300i PV soiling sensor. (Reproduced from Ref. © 2021
IEEE).
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Figure 2.4: Schematic of the DUSST soiling sensor .

can decide when to clean the PV system. However, in a utility-scale PV plant, soiling loss
can vary significantly across different sections of the site. Gostein et al. found soiling losses
to vary up to two times within the same PV plant [I8]. These sensors, on the other hand,
offer measurements that are highly localized, and therefore, relying on a single sensor might
not be sensible. To monitor soiling accurately across the entire plant, multiple sensors would
be needed, which increases both installation and maintenance costs, making the approach less

practical for large-scale deployments.

Many studies in the literature have used particulate matter (PM) data, such as PM2.5 and
PM10, along with weather parameters like wind speed, relative humidity, and rainfall to model
PV soiling loss. This is because PM concentration and rainfall were found to strongly influence

dust deposition and removal on PV modules [17]]. For example, Qasem et al. modeled soiling
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loss using weather data, including ambient temperature, wind speed, and rainfall [42]. Guo et al.
followed a similar approach and included PM10 as an additional input [43]. You et al. modeled
soiling accumulation using dust deposition velocity [44], while Coello and Boyle developed a

model based on PM data and deposition velocity [45].

These approaches are useful for understanding the general behaviour of soiling at a given
location. However, as highlighted in the 2022 IEA PVPS report [46], there is still a need for
comparative studies to evaluate the strengths and limitations of different models mentioned
earlier. For instance, Micheli et al. [20] showed that variations in parameters such as dust depo-
sition velocity can significantly affect the estimated soiling loss. In addition to these, industry
approaches have also been developed. For example, the Fraunhofer Institute for Solar Energy
Systems (ISE) uses data-driven methods that combine PV system data with additional inputs
such as meteorological measurements, PM data, and satellite information when required [47].

An alternative approach is to estimate soiling loss directly from PV generation data. This
method can capture the impact of dust deposition through changes in PV performance and does
not rely heavily on additional environmental or sensor-based inputs. The next section discusses

commonly used models reported in the literature that follow this approach.

2.2.2 Inferring Soiling Loss from PV Generation Data

An alternative to using physical soiling sensors is to estimate soiling losses directly from PV
generation data. This method eliminates the need for installing additional hardware and can be
applied at scale using existing SCADA data. One of the most commonly referenced models for
this purpose is the Stochastic Rate and Recovery (SRR) model [14]. This model derives daily
values of the PV Performance Ratio (PR) by processing time-series PV power and weather
data. The weather data include the Plane of Array (POA) irradiance and PV module back-
surface temperature. In cases where module temperature is not available, it can be estimated

using King’s model [48]], which relies on ambient temperature and wind speed measurements.

The methodology for extracting soiling losses from PV generation data, as implemented in
the open-source Python library, RdTools [16]], begins with the calculation of daily PV PR values.
These are derived from instantaneous PR data, which is the ratio of the measured PV power to
the modeled PV power at each timestamp. The modeled power is estimated using the PV Watts
model [49], which takes into account site-specific irradiance and temperature conditions. The
model then applies time-of-day and irradiance threshold filters, as outlined earlier in section
[I.3] After filtering, the remaining instantaneous PR values are weighted by solar insolation.
This step helps to minimize the influence of high-error measurements that are likely during
early morning and late evening hours. The result is an irradiance-weighted daily PR, which

forms the basis for further analysis of soiling trends.
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The next step in the SRR model involves identifying cleaning events (CEs) from the daily
PV PR data. Cleaning events refer to periods when the PV modules are cleaned, either naturally
by rainfall or through manual cleanings, and are typically indicated by a sudden improvement

in the daily PR. The detection process follows a systematic approach:

* A 14-day centered rolling median of the daily PR series is computed.
* The successive differences of this moving median are then calculated.

* Positive shifts that exceed a threshold, defined as O3 + 1.5 X IQR, where IQR is the inter-
quartile range (Q3 — Q1), are classified as CEs.

It is important to note that the choice of a 14-day window for the moving median and a scaling
parameter (denoted from here on as &) of 1.5 comes from the findings of Deceglie et al. [[14]],
who reported that these values were effective in accounting for the noise levels in their dataset.
Accurate detection of CEs is crucial, as they divide the PR data into distinct soiling intervals.
Each soiling interval is defined as the period between two consecutive CEs, during which the

PR exhibits a declining trend due to dust deposition, as illustrated in the figure[2.5]
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Figure 2.5: Vertical dashed lines are the SRR model detected CEs. These lines divide the data
into soiling intervals, characterized by the decreasing trend of PR. The y-axis of this plot is
referred to as Performance Metric (PM), which is same as the PR. (Reproduced from Ref. [14]]
© 2018 IEEE).

Following the identification of CEs, the next step involves estimating the slope of each
soiling interval. This is done by calculating the slope of the daily PR trend using the Theil-Sen
estimator [50,51], a robust non-parametric method known for its resilience to outliers. Along
with the slope, the Theil-Sen method also provides a confidence interval (CI), which helps
quantify the uncertainty associated with each estimate. The calculated slope for a given soiling
interval indicates the rate of decline of the PV performance over time due to dust accumulation,
commonly referred to as the soiling rate. To account for the uncertainty in these estimates, a

Monte Carlo simulation is then performed using the CIs generated by the Theil-Sen method.
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This simulation produces a range of possible soiling profiles across the dataset for every soiling

interval.
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Figure 2.6: Stochastically generated soiling profiles for every soiling interval using the SRR
model. (Reproduced from Ref. [[14] © 2018 IEEE).

Using the above steps, the SRR model quantifies the soiling loss in terms of the soiling
rate. One of the main strengths of this model is that it does not depend on precipitation data,
unlike the FRP model [13]. This makes it more flexible, especially in areas where accurate
rainfall data may not be available. Additionally, the SRR model offers a major advantage over
traditional PV soiling sensors, it can be applied to the generation data of the entire plant at PV
string level. As a result, it is better equipped to account for the spatial variation of soiling loss

across large utility-scale PV installations.

Despite its many advantages, the SRR model also has certain limitations. One of the main
challenges lies in accurately detecting CEs, which depends on the quality of the PV SCADA
data. If the dataset is noisy, random fluctuations may mistakenly be identified as CEs, leading
to errors in estimating the soiling loss. Muller et al. pointed out that the SRR algorithm was
mainly tested and validated using synthetic datasets, which tend to be cleaner than real-world
data [25]]. In contrast, SCADA data from utility-scale PV plants are often much noisier than
those from smaller, well-maintained systems (Figure [2.7). There are several reasons for this

noise:

* Weather variability: In large PV plants, especially during the monsoon season, moving
clouds and varying irradiance levels across the site can introduce noise. PV strings, which
are spread across the plant, are generally located far from the pyranometer (which are
placed strategically at fixed locations in the plant and in small numbers). Hence, the
former may experience different solar irradiance conditions from the latter, affecting PR

calculations.

* Sensor and logging issues: Poorly calibrated sensors and data logging equipment can
lead to missing or inaccurate data. These inconsistencies can distort PR values and intro-

duce random fluctuations in the dataset.
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* Hardware malfunctions: Faults leading to trips in inverters or individual strings can also

influence the power output, further affecting the accuracy of soiling loss estimation.

Such noise introduces erratic changes in the PR that do not reflect actual performance change.
This makes it harder to distinguish real soiling effects from random data anomalies and can
reduce the reliability of the SRR model’s output.
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Figure 2.7: Time-series PR data of (a) PV system having low-noise and showing a typical
saw-tooth pattern, and (b) PV inverter having high noise (upto 20% variation in the daily PR).
(Reproduced with permission from Ref. [25] © 2022 Wiley-VCH).

Because of the presence of noise in PV SCADA data, the default parameters of the SRR
model, the 14-day moving median window and the & value of 1.5 did not detect accurate CEs
across datasets used by researchers in the literature. For instance, Skomedal et al. reported
that an 8-day moving median performed better than the default 14-day window when applied
to their dataset [[19]]. Additionally, they found that lower & values, such as 0.7 or 0.8, were
more effective than 1.5 for detecting CEs. Similarly, Micheli et al. had to modify the threshold
equation used in the SRR model to identify CEs more accurately when analyzing string-level
SCADA data from a 3.25 MW, PV plant [27].

Skomedal and Deceglie [15] later introduced the Combined Degradation and Soiling
(CODS) model as an alternative to the SRR model. Unlike the SRR model, CODS assumes
that the daily PV PR data can be broken down into three main components—soiling, degra-
dation, and seasonal effects, along with a residual noise term. This relationship is expressed
mathematically as: PR = SR x D x SC x n, where SR is the soiling ratio, D is the degradation
trend, SC is the seasonal component, and n represents the residual noise. The seasonal com-
ponent is modeled as a sinusoidal function with a one-year periodicity. The CODS model runs

through several iterations. In each iteration, the following steps are carried out:

* CEs are detected using the same approach as in the SRR model, but with key differences:
a 9-day rolling window is used instead of 14, and the scaling parameter (¢) is treated as

a tunable input rather than fixed at 1.5.

* For each soiling interval, a Kalman filter is applied to the PR data to smooth out noise
and better estimate the SR trend [52]].
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* The seasonal component (SC) is extracted using a LOESS-based method known as STL
(Seasonal-Trend decomposition using Loess) [53]]. The STL takes log( ) as input.

* Finally, the degradation trend (D) is estimated using the Year-on-Year (YOY) method
[54]]. This step uses PR divided by the product of SR and SC as input, i.e., log(sz;, SC)
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Figure 2.8: Different components of the CODS algorithm, i.e., degradation and seasonal trends
along with inferred soiling trends. (Reproduced from Ref. [15] © 2020 IEEE).

These steps are repeated until the algorithm converges. Convergence is reached when the
Root Mean Square Error (RMSE) between the reconstructed PR signal (PR’) and the original PR
falls below 0.5%. The final PR signal is given by: PR’ = SR x SC x D x n. The CODS algorithm
was tested on 1000 variations of a synthetic dataset. Compared to the SRR model, CODS offers
improvements, especially the flexibility to tune the scaling parameter (¢¢) parameter for more
accurate CE detection and the use of the Kalman filter for extracting reliable soiling trends
from noisy data. However, similar to the SRR model, as Muller et al. [25] pointed out, the
CODS model was also validated only on synthetic datasets, which often fail to capture the full
complexity of real-world PV plant behaviour.

Therefore from this review, it is clear that there is a need to develop robust noise filter-
ing techniques for handling both local and global outliers and improving the accuracy of CE

detection, thereby improving PV soiling loss estimates.
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2.2.3 Filtering Approaches for Noise Reduction in PV Generation Data

As discussed in the previous section, the presence of noise in the data significantly affects the
accuracy of PV soiling quantification using models such as the SRR and the CODS. To ad-
dress this, it becomes essential to filter out outliers from the dataset. This section focuses on
the different filtering techniques that have been reported in the literature to tackle this issue. It
also outlines the methods used for detecting CEs after noise reduction, highlighting whether
researchers followed the original approach described in the SRR model or made specific modi-

fications to improve detection accuracy.

Skomedal et al. [19] were among the first to address the impact of noise in PV data by
developing a custom filtering approach to remove outliers. According to their method, sudden
spikes or drops in the daily PR that are immediately followed by a return to the previous level

can be considered noise. To detect such points, they applied the following logic:
IF {[PR(i)—PR(i—1)] > o and [PR(i+ 1) — PR(i)] < o}
OR
{[PR(i)—PR(i—1)] < o and [PR(i+ 1) — PR(i)] > &}

If any PR point satisfies the above set of conditions, then it is flagged as an outlier and
removed. Here, PR(i) refers to the daily PR value on the i’ day of the time series, and &
represents the noise threshold, is defined as the deviation of each point from a 30-day running
median of the daily PR data.

It is to be noted that instead of using PR, the authors used the soiling ratio (SR) term. SR
was determined by dividing the daily PR values by its 95/ percentile, which they defined as a
"clean state’ of the PV system. The authors assumed that there was no effect of degradation,
as the data analyzed was for a short period. For computing the daily SR, the authors used
the median of the instantaneous SR values within a four-hour window centered at solar noon,
unlike the SRR model, which uses an irradiance-weighted mean. As mentioned in section[2.2.2]
they also opted for an 8-day moving median to detect CEs, and found that using lower scaling
parameters (@ = 0.7 or 0.8) yielded better results for the PV sites used in their study. The
CE detection algorithm was then applied to the filtered data. To quantify soiling losses, they
estimated the soiling rate by fitting a linear regression model to each soiling interval. Figure
[2.9(a) shows the resultant CEs detected after applying the filter logic, and figure 2.9 shows the
resultant soiling loss in terms of soiling rate obtained by applying linear regression on each of
the detected soiling intervals.

Similarly, Micheli et al. [55]], in their work on extracting PV soiling information from
nine soiling stations across the United States, adopted a two-step process to reduce noise in the

daily PR data. First, they applied an irradiance filter, retaining only those data points where
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Figure 2.9: Daily SR values with (a) inferred CEs (vertical gray lines), and the 30-day rolling
median (blue line), (b) Logged CEs detected by the customized CE-detection algorithm, and (c)
linear regression lines indicating soiling rate on the soiling intervals between the inferred CEs.
(Reproduced from Ref. © 2019 IEEE).

the irradiance was greater than 700 W/m?. Second, they used a rolling 2-sigma filter to remove
statistical outliers. This rolling window extended from PR(i —7) to PR(i+ 7), where PR(i) is
the daily PR value on the i’ day. Any missing data points that resulted from the filtering process
were back-filled. Once the data was cleaned, CEs were detected using the same methodology
described in the SRR model. Figure [2.10| shows the time-series daily soiling ratio profile of a
site, taken from ref. [55]]. The red points in the plot indicate the back-filled points after outlier
removal using the two-sigma filtering method.

In a separate study, Micheli et al. investigated soiling losses in a utility-scale PV
plant located in Chile and applied the same noise filtering algorithm as described in their earlier
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Figure 2.10: Soiling profile of a site in the US, where the green vertical line indicates the outliers
identified through the two-sigma filtering method. The red points in the plot shows the back-
filled points after removal of outliers. (Reproduced from Ref. [55] © 2021 IEEE).

work [55]. However, when the SRR model’s CE detection algorithm was used on individual
PV strings, the authors observed that a number of false cleanings were identified, as shown in
figure ma) (false CE detected during ‘the fall of 2018”). This was attributed to residual noise
in the data that persisted despite prior filtering. Furthermore, they noted that the CE detection
algorithm performed inconsistently across different strings, with varying levels of accuracy. To
address this issue, they introduced a modification that any CE identified using the SRR model’s
threshold equation was ignored unless it resulted in a positive shift in the PR values exceeding
3% (refer to figure[2.11(b)). According to the authors, this adjustment was necessary to improve
the robustness of CE detection in the presence of residual noise.
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Figure 2.11: Figure showing (a) detection of false CEs, when detected as per the SRR model,
and (b) detected CEs after introducing the 0.03 cleaning threshold criteria. (Reproduced with
permission from Ref. [27] © 2022 Wiley-VCH).

Muller et al. [25] introduced two filtering techniques to address the issue of noise in the
daily PR data:

* Irradiance filtering: As noted in earlier studies [56,57], the daily PR tends to exhibit
random fluctuations under low irradiance conditions. To mitigate this, the authors ex-
cluded days with low irradiance by removing any day where the total daily irradiance

was below the 15" percentile of all daily irradiance sums.
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* Rolling window outlier filtering: This technique aimed to identify and remove local
outliers in the PR time series that may arise due to issues discussed earlier in section
For each data point, the percentage difference from both the 7-day forward rolling
median and the 7-day backward rolling median was calculated. If the data point differed

by more than 3% from either median, it was considered an outlier and removed.

Figures [2.12a) and [2.12b) depicts the time-series PV performance profiles after using
the irradiance filtering and rolling window outlier filtering, respectively [25]. The points after
filtering outliers in both the plots are indicated by the black points. Both filtering algorithms
were tested on the same site, and it can be seen that the red outlier points are filtered out.
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Figure 2.12: Daily PR after (a) removing noise denoted in red, where the daily irradiance total
was less than 15" percentile of the daily irradiance totals for the complete time-series data,
and (b) removing noise denoted in red, where the daily PR was outside 3% of either the 7-day
forward or the 7-day backward PR rolling median. The filtered points after applying both the
filters are shown in black colour. (Reproduced with permission from Ref. [25] © 2022 Wiley-
VCH).

Following this filtering process, the authors focused on improving the accuracy of CE
detection by adjusting the moving median window length and the o value. They evaluated
the performance of each combination using the Fl-score. Here, the “True Boolean’ events,
identified through a fully documented manual process, were used as ground truth labels to
assess the accuracy of detected CEs.

Nygard et al. [40] also applied filtering techniques to remove noise from the daily PR data
of a utility-scale PV plant, with the goal of isolating the effects of soiling and degradation before
applying the CODS algorithm. In their study, the daily PR was calculated as the median of the
instantaneous PR values within a +2-hour window around the solar noon. To filter out local
outliers at the daily level, the authors compared the daily PR series to a 15-day rolling median,
denoted as Py5. The deviation from this rolling median was defined using

z(i) = PR(i) — P15 (i) (2.1
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A data point was considered an outlier and removed if the absolute value of z(i) exceeded
five times the Median Absolute Deviation (MAD), defined using equation [2.2]

MAD = Median[(|PR(i) — Median[PR(i)"_,])¥_,] (2.2)

N is the total number of data points in the time series. For CE detection, the authors

followed the same iterative procedure outlined in the CODS algorithm.

Pal et al. developed a data-driven method for soiling estimation for a rooftop PV system
located in India [58]]. Instead of relying on soiling sensors or reference panels, the authors esti-
mate the clean power using a simple physical model and compares it with the measured power
to calculate the SR. Again, instead of using energy to evaluate the SR, the instantaneous power
data is used, which helps in identifying and removing the effects of partial shading and other
transient disturbances. In addition, careful data filtering and selection of appropriate operating
conditions like linear irradiance region, improve the reliability of the SR estimation.

From the above discussion, it is evident that filtering noise in time-series data is essential
for accurately quantifying PV soiling losses. By improving data quality, these filtering tech-
niques enhance the reliability of CE detection, which is a critical step in the overall analysis. A
variety of filtering methods have been proposed in the literature, each tailored to the character-
istics of the dataset under study. As highlighted by Muller et al. [25] that while these techniques
were primarily developed to improve the estimation of soiling losses, accurate detection of CEs
has often received less attention in the literature. Therefore, robust noise filtering not only im-
proves soiling rate estimates but also strengthens CE detection. This aspect forms an important
part of this thesis and will be explored further in Chapter

2.3 Tracking Utility-scale PV plant Non-uniform PV soiling

loss

Non-uniform PV soiling loss refers to the spatial variation in dust accumulation across different
PV strings within a plant. As a result, the power output from various parts of the plant may
vary, making continuous spatial monitoring essential. The IEC 61724-1 standard recommends
the installation of at least one soiling sensor for PV plants larger than 5 MW, particularly
in sites where the soiling loss is expected to exceed 2% [10]. In this context, Gostein et al.
[18], investigated soiling sensor data from First Solar stations installed across eight PV sites
in southern and central California, USA. Their findings revealed noticeable seasonal variations

in the monthly soiling rates at the same site. In another study, Gostein et al. [22] analyzed
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the soiling sensors in five PV plants in California and observed significant differences in the
soiling ratio time-series data. Figure [2.13] shows the soiling ratio time-series data plot of two
sensors at one of the plants, where during the months of January and February, station 2 sensor

experienced higher soiling losses than sensor 9, indicating non-uniform soiling.
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Figure 2.13: Spatial variation of soiling ratio across two soiling sensors deployed in a PV plant
in California, USA. The upper plot indicates higher soiling in station 2 sensor compared to
that in station 9 during the months of January and February, indicating non-uniform soiling.
(Reproduced from Ref. [22]] © 2014 IEEE).

Furthermore, a PR map of another plant, obtained by averaging three days of PR data
after a rainfall event in late October, showed a variation of approximately 3% across the site.
These observations highlight the presence of non-uniform soiling. Based on their analysis,
the authors recommend installing multiple soiling sensors in PV plants situated in high-soiling

environments to capture spatial differences more effectively.

Block 1 Block 2 Block 3
0.900 0.893 0.895 0.895 0.897 0.899 0.903 0.903 0.904 0.806 0.910 0.910 0.907 0.903
0.895 0.899 0.894 0.896 0.900 0.901 0.903 0.902 0.904 0.905 0.907 0.910 0.915 0.915
0.903 0.900 0.895 .896 0.901 0.906 0.907 0.905 0.910 0.917 0.922 0.918
0.909 0.899 0.895 0.897 0.904 0911 0.915 0916 0.922 0.926 0923 0.917
Block 5 0912 0913 0918 0916 0.919 0.914 0.914 0913 0.909
0.902 0.907 0926 0.921 0913%0.950
0.918 0.930 0.934 0.931 0927 0.920
0929 0.930 0926 0924 0925 0926

Figure 2.14: Average PR map of a PV power plant in California, USA, showing spatial variation

in the PR, indicating PV soiling non-uniformity. (Reproduced from Ref. [22] © 2014 IEEE).

However, as discussed earlier, increasing the number of soiling sensors can raise both the
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capital and maintenance costs of the PV plant. As an alternative, direct monitoring of PV per-
formance data offers a cost-effective solution. In this regard, Micheli et al. investigated the
non-uniform soiling loss of a utility-scale PV plant in Chile over a period of approximately three
years. The authors utilized string-level SCADA data to evaluate pairs of strings. The analysis
revealed that PV strings located near roadways, where heavy vehicle movement was frequent,
exhibited higher soiling losses compared to those situated deeper within the plant. The plant
soiling map representing the geographical layout of the strings along with their corresponding
soiling ratios, is shown in figure [2.15[a). Additionally, several strings positioned on the north-
ern side of the plant experienced higher soiling levels. This was attributed to increased human
activity in that area, due to the presence of service buildings.
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Figure 2.15: Plots showing (a) soiling loss in-terms of soiling ratio of different strings in a PV
plant in Chile and (b) cleaning profit by cleaning the strings three times a year. (Reproduced
with permission from Ref. © 2022 Wiley-VCH).

Building on these findings, the authors of this study proposed a string-optimized cleaning

strategy in which a fixed number of cleanings, ranging from one to five was evaluated annually.
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For each case, the cleaning combination that yielded the highest cleaning profit was identified.
The total profit corresponding to each cleaning frequency is shown in the figure 2.16] where,
three cleanings per year resulted in the maximum profit. Beyond three cleanings per year, the
profits decreased due to the increasing costs associated with each cleaning cycle. Furthermore,
the cleaning profit map shown in figure [2.15(b) indicates that strings experiencing the highest
soiling losses generated the highest profit when cleaned following a three-cleaning cycle per
year. Based on this, the authors recommend a targeted cleaning approach, prioritizing heavily
soiled strings, rather than cleaning the entire plant uniformly.
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Figure 2.16: Total cleaning profits generated over the two year period by following of 1 - 5
cleaning frequencies per year. (Reproduced with permission from Ref. © 2022 Wiley-
VCH).

After conducting a detailed literature review, it was found that this is the only study that
addresses the issue of non-uniform soiling by utilizing string-level PV SCADA data, rather than
relying on soiling sensors. The study not only highlights spatial variations in soiling across the
PV plant but also proposes an optimized cleaning strategy adapted to these variations. While
several earlier works have explored optimized cleaning schedules [23]28430], none of these
incorporated the soiling non-uniformity information. Furthermore, most of these studies were

based on relatively small PV systems, limiting their applicability to utility-scale plants.

As PV plant capacities continue to grow, the impact of non-uniform soiling is expected
to become increasingly significant. The work by Micheli et al. represents a meaningful
advancement in addressing this challenge by capturing localized soiling losses directly through
string-level SCADA data, thereby reducing reliance on soiling sensors. While the proposed
string-optimized cleaning strategy offers a promising solution for small-scale PV systems with
relatively few strings, its applicability to utility-scale plants remains limited. This is because
the approach assumes fixed annual cleaning frequencies (ranging from one to five), which could
occur on any day and for any string across the site, depending on the level of its soiling. How-
ever, such decentralized cleaning schedules would be difficult to implement in large PV plants

due to the associated logistical challenges in operations and maintenance.
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Building on the above, this thesis investigates the non-uniform soiling losses of a 50 MW,
PV plant in South India, using string-level SCADA data to generate detailed soiling maps.
These maps, similar to those developed by Micheli et al. [27], can assist O&M teams in iden-
tifying regions of the plant that experience higher soiling accumulation. In addition, this thesis
introduces an optimized cleaning strategy that leverages non-uniform soiling information to
maximize cleaning profits and enhance plant yield. Unlike the cleaning approach proposed by
Micheli et al. [27]], the methodology developed here addresses its key limitations related to scal-
ability and O&M feasibility in large PV installations. The details of this proposed method are
presented in Chapter [5]

2.4 Drone-based Thermal Imaging to Track PV Soiling

In addition to using PV generation data for monitoring and diagnosing PV power plants, in-
cluding soiling, as described in section [2.2] other modern PV monitoring approaches include
infrared thermography. The use of thermal imaging combined with drone-based inspections has

become increasingly popular for monitoring large-scale PV plants [38,59].

Infrared thermography (IRT) is a non-contact, non-destructive technique that detects sur-
face temperature variations on PV modules. Since all objects emit infrared radiation based on
their temperature, thermal cameras can capture these emissions and generate temperature maps
of PV modules. Under normal operation, PV modules exhibit relatively uniform temperature
profiles. However, defects or performance issues, such as hotspots, cracks, delamination, or
electrical faults, lead to localised temperature differences that can be clearly identified using
thermography. This makes IRT a useful tool for fault detection without interrupting plant oper-
ation [60]. With recent advances in drone technology, aerial infrared thermography has emerged
as an efficient method for inspecting utility-scale PV plants [61,/62]]. By mounting thermal cam-
eras on drones, large areas of the plant can be quickly scanned without manual intervention.
This significantly reduces inspection time compared to ground-based methods and allows for
frequent monitoring [63]. In addition, combining thermal images with standard RGB images
improves the reliability of fault identification by helping distinguish between different types of
anomalies.

While thermography is widely used to detect various electrical faults, its application for
PV soiling detection is still an emerging field. In a recent study, Winkel et al. [|64] explored the
use of drone-based infrared thermography for detecting soiling-related effects in PV modules.
The authors pointed out that although drones can easily detect temperature hotspots, they can-
not directly distinguish whether these hotspots are caused by electrical defects or by soiling. To
address this issue, the study proposed a combined approach using both thermal images and op-
tical (RGB) images captured during drone inspections. The RGB images were used to estimate
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Figure 2.17: Images taken from the IR report, where (a) shows the optical image of a PV
module, (b) overlay of the optical image and the IR image, (c) discretised IR image of the
module, and (d) individual cells categorised according to the different faults (Reproduced from
Ref. © 2020 Elsevier).

the spatial distribution of soiling across the PV module surface. This soiling information was

then used as input to an electrothermal model that predicts the temperature variation solely due

"ﬂ N\

”’\ Y

to soiling.

Figure 2.18: RGB image of an artificially soiled PV cell on the left, and IR image of the same
cell taken from the rear side of the module on the right. The artificially soiled PV cell shows
significantly higher temperature (Reproduced from Ref. @] © 2024 MDPI).

In a follow-up study, Winkel et al. [65] further extended the approach by developing a
drone-based method to quantify PV soiling directly from high-resolution RGB images. Instead
of relying on temperature variations, the reported method uses the increase in surface brightness
caused by dust deposition to estimate soiling losses. By comparing images of clean and soiled
modules with known electrical losses, a relationship between brightness and soiling loss was
established. This approach, as the authors reported, allows soiling to be measured at a cell-level

resolution and can be applied across large PV plants using drone imagery.
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2.5 Machine Learning and Deep Learning Approaches for
PV Monitoring and Soiling Analysis

Recent research and development in the fields of Machine Learning (ML) and Deep Learning
(DL) models have attracted significant attention for their ability to detect, diagnose, localise,
and predict faults in PV systems [66]. This section reviews the work reported in the literature
on these approaches. It first focuses on the use of ML and DL methods for detecting faults
and under-performance in PV systems, and then discusses their application in quantifying PV

soiling loss.

2.5.1 ML/DL-Based Detection of PV Faults and Under-Performance

ML models learn the behaviour of a system by being trained on data. Their performance im-
proves as they are trained on larger and reliable datasets. PV systems are highly non-linear
in nature, and faults or under-performance can lead to complex and sometimes unpredictable
behaviour. Because of this, traditional rule-based methods are often not sufficient. As high-
lighted in the literature, artificial intelligence and data-driven approaches have been widely
explored for PV monitoring [[67]]. These methods are generally grouped into signal-processing
techniques, classification-based models, and inference-based approaches. Among these, classi-

fication methods based on ML have been the most widely used for fault detection and diagnosis.

One of the commonly used ML models is the Random Forest, which is an ensemble tree-
based method. It has been used to detect different types of PV faults, such as open-circuit faults,
which may occur due to electrical or thermal stress, and line-to-line faults between PV strings
caused by differences in electrical potential [68,69]. Another widely used ML model is the
Support Vector Machine (SVM), which is effective for classification tasks. For example, Ali et
al. used SVM trained on IR images to detect hotspots in PV modules [70], while Harrou et al.
applied a one-class SVM to identify faults such as open-circuit and short-circuit conditions on
the DC side of a PV system [71]].

DL models are a subset of MLL models and are particularly useful when the relationship
between variables is complex and difficult to model mathematically. Artificial Neural Networks
(ANNSs), which form the basis of DL. models, have been used to detect faults in PV systems by
analysing I-V curves [72] and identifying partial shading conditions [73]]. In addition, Convo-
lutional Neural Networks (CNNs), which are designed for image processing tasks, have been

widely used with IR images for fault detection and classification in PV systems [74}/75].

Hence, a range of ML and DL models have been successfully applied to detect faults and
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under-performance in PV systems. The next sub-section focuses on the use of these approaches
for quantifying PV soiling loss.

2.5.2 ML/DL-Based Approaches for PV Soiling Estimation

Tree-based ML algorithms have been used to predict PV power output by considering the effect
of soiling on PV panels. In one such study, two panels were used, one that was cleaned regularly
and another that was allowed to get cleaned naturally [[76]. The results showed that, after

irradiance, soiling was one of the most important factors affecting PV power output.

In another study, Chiteka et al. used ANN and multiple linear regression to estimate soiling
loss for a small 300 W, PV system [77]. It was found that the ANN model performed better
than the regression-based approach. In addition, several studies have used ML models to detect
soiling using images of PV modules [78,79]. A recent study further explored this direction
by combining image-based analysis with a CNN-based model for power loss estimation, while

also integrating physical circuit information to improve prediction accuracy [80].

Despite the increasing use of ML and DL methods for estimating soiling loss, there are

some important limitations of using these:

* Many of these models have been developed and tested for specific locations, where cli-

matic and environmental conditions influence dust deposition.

* Most of the studies are based on small PV systems, where the data is less noisy. As a
result, testing these models on large-scale PV plants remains a challenge, as highlighted

by Tahir et al. [81], since real plant data contains more variability and noise.

* DL models require large amounts of data for training, which increases the computational
effort.

Keeping these limitations in mind, this thesis develops a robust data-driven statistical ap-
proach that considers the practical challenges involved in analysing SCADA data from large
PV power plants. Chapter[7|of this thesis also outlines future work, where ML and DL methods

can be further explored to improve the estimation of PV soiling loss.

2.6 PV soiling mitigation techniques - an overview

Soiling mitigation refers to the various approaches used to remove dust and particulate matter

from the surface of solar PV panels. Among these, manual cleaning using water and brushes
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Figure 2.19: Correlation comparison between measured and predicted soiling using (a) ANN

and (b) Muliple Linear Regression (Reproduced with permission from Ref. [77] © 2020
Springer Nature).

remains one of the most common and traditional methods [82]. However, the quality of water
used is important, as water having high Total Dissolved Solids (TDS) can leave behind mineral
residues on the PV module glass surface, potentially leading to permanent stains that reduce
light transmittance [83]]. Additionally, improper use of brushes during manual cleaning can
cause surface scratches, which also diminish the glass’s ability to transmit sunlight effectively
[84]. Solar panels are also cleaned using water spray nozzle systems [85]. These require water
to be stored in an underground reservoir for cleaning operations.

However, in large-scale PV installations, particularly in arid or semi-arid regions, manual
cleaning or water-based systems such as sprinklers can be costly and resource-intensive. These
methods also carry the risk of long-term degradation to the PV modules if not properly managed.
To address these, autonomous waterless robotic cleaning systems have emerged as a promising
alternative [82,86,87]. These robots operate directly on the surface of PV panels and use a

combination of sensors, navigation algorithms, and dry cleaning mechanisms to automatically
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remove dust, eliminating the need for water. One of the most widely adopted commercial
solutions in this space is Ecoppia’s T4 and H4 autonomous robots [86], which are designed to
clean both fixed-tilt and single-axis tracking PV systems efficiently.

Another approach for mitigating dust accumulation on PV modules involves the applica-
tion of anti-soiling coatings (ASCs) on the glass surface. These coatings are typically cate-
gorized as hydrophobic or hydrophilic, depending on the contact angle formed between water
droplets and the coated surface [88,,|89]. The primary objective of these coatings is to reduce
the adhesion force between dust particles and the glass, making it easier for dust to be removed
either naturally or through occasional cleaning. Hossain et al. [90] reported the PV PR of ASC
coated PV modules to be greater than the modules without any coating. Hydrophobic coatings,
characterized by water contact angles greater than 90°, repel water and dust by creating a sur-
face with low surface energy. As a result, water droplets tend to bead up and roll off the surface
due to gravity, carrying dust particles along with them. In contrast, hydrophilic coatings allow
water to spread uniformly across the surface, enabling dust removal through sheeting action
during rainfall or rinsing. Many of these coatings also offer anti-reflective properties in addi-
tion to their anti-soiling functionality, providing a dual benefit, reduced dust accumulation and
enhanced light transmittance for improved energy yield [90,(91]].

One of the major challenges associated with anti-soiling coatings is ensuring their long-
term stability under outdoor conditions. In real-world settings, these coatings are continuously
exposed to harsh environmental factors such as UV radiation, acid rain, and mechanical abrasion
during routine cleaning [92]]. Over time, such exposure can degrade the coating’s properties,
including reduction in the water contact angle, leading to uneven wear and non-uniform removal
of the coating from the glass surface. As highlighted by Elsafi et al. [89], it is therefore essential
to perform testing of ASCs by following the IEC standards (IEC 61215-1, IEC 62788-7-3), to

evaluate their durability and performance under realistic operational conditions.

Another innovative method to remove dust from PV modules involves the use of elec-
trostatic repulsion through Electrodynamic Screens (EDS). The origin of this technology dates
back to 1967, when Tatom et al. [93]] developed it as part of a NASA initiative to remove lu-
nar dust from radiator surfaces. Since then, this concept has been adapted for removing dust
from solar panels. EDS consists of transparent electrodes, typically made of Indium Tin Ox-
ide (ITO), placed on the surface of the PV module glass. When activated, these electrodes
generate a traveling electrostatic wave that lifts and pushes dust particles toward the edges
of the panel, effectively clearing the surface [94]. Several research institutions, including
Boston University [95,96]] and the University of Florida [97, 98] in the USA, Waseda Uni-
versity in Japan [99,/100], Texas A&M University in Qatar [101}{102], and IIEST Shibpur in
India [103}/104], have contributed to its development. These systems consume very little power
and can be driven directly by the PV module they are integrated with. EDS can be especially

useful in dry, arid regions where water for cleaning is scarce.
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Figure 2.20: Pictorial representation of dust movement from positive to negative electrodes on
EDS surface. (Reproduced with permission from Ref. [103]] © 2021 Elsevier).

However, like anti-soiling coatings, most of the research and testing on EDS so far has
been limited to controlled laboratory environments. For real-world applications, EDS needs
to be tested outdoors, where it can be exposed to actual environmental conditions [94]]. This
means the design of the EDS must be adapted to meet the specific needs of the site where it is
deployed. Another challenge is the high cost of fabricating the transparent electrodes used in the
system. To make EDS more viable for large-scale use, more affordable and scalable fabrication
methods need to be developed.

2.7 Summary of Literature Review

This chapter provides a comprehensive overview of the research done so far on PV soiling, its
impacts, and the various strategies used for monitoring and mitigation. Soiling remains one
of the major factors that affect the performance of solar PV systems, especially in dry and
dusty environments. If left unaddressed, it can significantly reduce energy yield and economic
returns. There are mainly two ways to monitor soiling - using dedicated soiling sensors in the
plant, or by directly analyzing the PV plant generation data. While sensors are helpful, they
can be costly to install and maintain, and they may not fully capture how soiling varies across
a large PV plant. In addition, drone-based imaging techniques, especially thermal imaging, are
increasingly being used to monitor large PV plants. These methods allow rapid inspection of
large areas and are widely used for detecting faults. However, their application for accurately
quantifying PV soiling is still in research phase. On the other hand, analysing PV generation
data can help understand where and how much soiling is happening, without needing extra
hardware. Additionally, this chapter provides a brief overview on the use of ML and DL models

to predict and quantify soiling loss, and also highlights the challenges related to these models.

The chapter also reviews the different noise filtering methods proposed in the literature to
remove outliers from time-series PV data, which is essential for accurate detection of cleaning

events and estimation of soiling loss. Still, as highlighted, many of these methods focus more
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on estimating overall soiling rather than improving the robustness of cleaning event detection
itself, a gap this thesis seeks to address. The review also explored different soiling mitigation
techniques, including manual cleaning, robotic cleaning, anti-soiling coatings, and electrody-
namic screens. Each of these methods has its own benefits and challenges, particularly in terms

of cost, long-term durability, and adaptability to real-world conditions.

2.8 Research Gap Identified and Addressed in This Thesis

The major research gaps identified, along with how they are addressed in this thesis, are sum-

marised below:

* The literature review showed that no robust algorithms have been reported for filtering
shadows cast either on the PV system or on the pyranometer. Shadows introduce noise in

PV performance data, making soiling analysis unreliable.

Section [4.T] of Chapter [] presents a shadow filtering algorithm capable of identifying and
removing the effects of shadows cast on PV systems or pyranometers, thereby improving

the accuracy of daily PV performance data.

* Time-series daily PV performance ratio data often become noisy due to transient weather
variations or data quality issues. Such noise affects the accuracy of soiling models like

the SRR model, which cannot effectively isolate soiling loss under these conditions.

Section of Chapter 4| introduces a noise-filtering algorithm that effectively handles
random noise in the data and extracts reliable soiling loss information for large solar

farms, thereby overcoming the limitations of the SRR model.

* Although non-uniform soiling in utility-scale PV plants is a well-known phenomenon,
detailed analysis on this is lacking in the literature.

Section of Chapter [3] presents an extensive non-uniform soiling analysis for a large
PV plant in southern India. The resulting soiling heatmaps help visualise spatial soiling
patterns and can serve as a valuable tool for the PV maintenance teams to plan targeted

cleaning operations.

Additionally, Section [5.2] of Chapter [5] proposes an approach to optimise PV cleaning
schedules for the same site, thereby mitigating losses due to non-uniform soiling while

maximising cleaning profits.

 Existing soiling analysis models, such as the SRR model, rely on fixed parameters to
detect cleaning events. As reported in the literature, these parameters need to be manually
adjusted for a PV site, depending on its size, location, and environmental conditions. This

makes large-scale PV soiling analysis tedious and inconsistent.
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Chapter [6] presents an automated cleaning event detection algorithm that eliminates the
need for manual parameter tuning. The proposed method can be applied across multiple

PV strings in a site, enabling large-scale and automated soiling analysis.
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Chapter 3

System Description and Performance
Evaluation of Solar PV Plants

This chapter describes the various PV systems analysed in this thesis and the various

metrics used to assess the PV performance and hence the soiling loss of the systems.

3.1 PV Site details

Table details the PV systems used for analyzing PV soiling loss. A total of seven sites were
used, out of which four sites (A, E, F and G) are rooftop PV systems. The remaining sites (B,
C and D) are ground-mounted installations. Notably, sites E, F, and G do not have any on-site
weather monitoring stations, including pyranometers. Despite this, the soiling loss detection
methodology developed in this thesis was applied to these sites as well, using satellite-based
weather data obtained from Solcast [[105]].

Site B is located in Alice Springs, Australia, a desert region known for its dry and sunny
conditions. This site has high-quality meteorological data recorded at a resolution of 5 minutes.
Similarly, site C is situated in Yulara, also in the arid Red Centre of Australia, and has similar

weather data as site B. Detailed descriptions of these two sites can be found in ref. [[106} 107].

Site D is a utility-scale 50 MW, PV plant located in the state of Kerala, southern India.
Spanning over 200 acres, the plant is divided into multiple zones - A to O, each with varying
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Table 3.1: Description of PV sites used.

Site System Data Reso- Location Parameters used Koppen
Rating lution Geiger CS
A 327W, 1 minute IIT  Bombay, e Plane of Array Irradiance (POA) Aw
Mumbai, India (Wim?)
¢ Measured Module Back Surface
Temperature (T,,,4) (°C)
B 4.92kW, 5 minutes DKA Solar e Global Horizontal Irradiance BWh
Centre, Al- (GHI) (W/m?)
ice Springs, * Ambient Temperature (°C)
Australia * Relative Humidity (%)
* Wind Speed (m/s)
* Daily Rainfall (mm)
C  226.8kW, 5 minutes DKA Solar « GHI (W/m?) BWh
Centre, Uluru « Ambient Temperature (°C)
(Ayers  Rock), « Wind Speed (m/s)
Australia ¢ Daily Rainfall (mm)
D  50MW, 15 minutes Kerala, India « POA (W/m?) Am
° Tmod (OC)
* Logged cleaning records
E 15kW, 15 minutes  Kolkata, India e Weather data downloaded from Aw
Solcast
F 100W, 15 minutes Navi Mumbai, ¢ Weather data downloaded from Am
India Solcast
G 13kWp 15 minutes Mumbai, India ¢ Weather data downloaded from Am

Solcast

capacities and numbers of PV strings. Typically, 10 to 11 PV strings are connected to a String

Monitoring Box (SMB), which then feeds into a central inverter. These inverters are housed in

container units, with each unit containing four central inverters. Figure |3.1|shows the layout of

the entire plant, with container units placed in zones D, F, J, and N.
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Figure 3.1: Layout of the 50 MW, utility-scale PV plant in south India, where it is divided into
zones A - O.

Each PV string having a DC capacity of approximately 24kW ,, consists of 60 modules,
where 30 modules are connected in series and then paired in parallel. For the analysis in this
thesis, data from zones A, D, and I were used, which together contribute approximately 10

MW, of total DC capacity. Table @ lists the modules used in these zones along with their
respective capacities.

Table 3.2: Module ratings, and DC capacities of zones A, D and I in site D.

Zone DC Rating (MW,)  No. of strings Module rating (W)

A 2.55 101 405
D 4.45 181 405
I 2.02 83 400, 405

The site has plane of array (POA) irradiance and module temperature sensors. POA irradi-
ance is measured in zones A, F, and N, while module temperatures, recorded using thermistors,
are recorded in zones D, F, J, and N. Lastly, table [3.1] also includes the Koppen—Geiger climate
classifications of all seven sites, showing the weather conditions at each location [[108]].

As can be seen from table [3.1] that sites B and C didn’t have measurements of POA ir-
radiance. Hence, the transformation of GHI to POA irradiance was performed using the Erbs
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model [109]. All the systems analysed are fixed-tilt systems, and the system orientation are
shown in Table [3.3] For these systems, the tilt angle is usually set as the latitude of the site, and
the PV modules are oriented to face the equator to maximise solar exposure [110]. Hence as
shown in Table systems in the Northern Hemisphere (e.g., India) face South (surface az-
imuth ~ 180°), while systems in the Southern Hemisphere (e.g., Australia) face North (surface

azimuth ~ 0°).

Table 3.3: PV system orientation details for the seven sites used in the thesis.

Site Surface Tilt (°) Surface Azimuth (°)
A 19 178

B 20 0

C 15 0

D 12-13 180

E 23 180

F 19 180

G 12 180

3.2 Evaluation of PV Performance

To understand how well a PV system is performing, researchers previously used certain standard
metrics. Among the most common are the Performance Index (PI) [14,15,25]], Performance
Ratio (PR) [21,128]], and Corrected Performance Ratio (CPR) [19,140]. Of these, the PR is the
most commonly used. It gives an estimate of how efficiently a PV system is converting available
sunlight into electricity. PR is the ratio between the actual DC power generated by the system
and the ideal power it should produce at that moment, based on the available irradiance and the

module temperature.

In this thesis, the temperature-corrected performance ratio (T,-PR) metric was used to
evaluate PV system performance, defined using equation[3.1]

Measured PV power

TcorPR =
Modeled PV power

3.1)

Here, the modeled PV power refers to the ideal power the system should generate at a given
timestamp, accounting for both the irradiance and the module temperature, and was calculated
using NREL’s PVWatts DC power model [49], as shown in equation [3.2]
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Figure 3.2: Time-series daily T,,,PR data of site A, represented by the blue points (labeled as
Original). Daily precipitation/rainfall data is represented by the red colored bars on the right
y-axis.

POA
Modeled D =P
odeled DC power = Psyc X 1000 X

[1 = (Tinoa —25)] (3.2)

In equation 3.2}

Ps7c = Standard Test Conditions (STC) rating of the PV system (W)
POA = Plane of Array Irradiance (W/m?)
* y = Temperature coefficient of power (°C~1)

T.04 = PV module temperature

If the T,,,4 is measured at the site, that value is directly used in the calculation. However,
in cases where this measurement is not available, the module temperature is estimated using
the King’s model [48]]. Thereafter to evaluate the PR at a daily level, the instantaneous PR is
aggregated by taking the median between 10 AM to 2 PM, where this time duration represents
the peak generation period. Median is used as the metric over mean, as it is robust to outliers.

M d PV
Non— T., PR = easure power (3.3)

POA
Psrc X 1000

Additionally, researchers have utilised metrics like the non-temperature corrected PR
(Non-T.,PR) to analyse PV performance time-series data [111,/112]. This metric, given by
equation @ doesn’t take into account the PV module temperature. However, in this thesis, PV

soiling analysis was performed using temperature-corrected PR (T,,PR) metric.

Daily T.,PR = Median [Instantaneous PR 3™, (3.4)
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Figure 3.4: Time-series daily T,,,PR data of site C, represented by the blue points (labeled as
Original). Daily precipitation/rainfall data is represented by the red colored bars on the right
y-axis.

Figure @ shows the daily time-series of the T, PR for site A. The blue dots in the plot
labelled ‘Original’, represent the daily T.,-PR values calculated using equations [3.1] to [3.4]
Similar plots have been generated for the other sites and are shown in figures [3.3]to [3.9] The
rainfall data for sites A, D, E, F, and G were obtained from World Weather Online [[113]], while
for sites B and C, the rainfall information was taken from their respective on-site meteorological
stations.

In the case of site A, clear soiling trends are visible, represented by the gradual decrease
of the daily T,,PR during dry periods, when there is no rainfall. In contrast, during the rainy

season, the T,,PR remains almost constant, indicating that rainfall kept the PV panels clean.

Figure[3.3|shows the daily T.,PR values for site B, located in a desert region experiencing
little rainfall. As seen in the figure, site B also shows signs of soiling loss, particularly from
June 2014 onward. However, the data for site B is noisier compared to site A, as the daily

T.orPR values show higher variability.
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Figure 3.6: Time-series daily T, PR data of a 24kW, PV string site D, represented by the
blue points (labeled as Original). Daily precipitation/rainfall data is represented by the red
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Figure 3.7: Time-series daily T,,,PR data of site E, represented by the blue points (labeled as
Original). Daily precipitation/rainfall data is represented by the red colored bars on the right

y-axis.
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Figure 3.8: Time-series daily T.,PR data of site F, represented by the blue points (labeled as
Original). Daily precipitation/rainfall data is represented by the red colored bars on the right
y-axis.

Figure[3.4]shows the daily T, PR values for site C. Site C, which is also in a desert region,
experiences low rainfall and minimal soiling loss. Interestingly, in figure [3.4] the daily T.,-PR
suddenly drops to around 85% on 4* March 2017. This sharp decline could be due to one of
two possible reasons:

* Site C frequently experiences dust storms, which could lead to a sudden drop in measured
PV power [114]. The time-series plot of measured and modeled DC power for 4" March
2017 shown in figure [3.5] indicates a sudden fluctuation in power and irradiance data
around 1:15 PM. After about 1:30 PM, the difference between measured and modeled

power increases significantly, which may indicate that a dust storm occurred.

* Alternatively, given that site C is larger than sites A and B, it’s possible that some PV
strings or modules were disconnected or failed due to operational issues, which reduced

the total measured power output.

The T, PR at site C returns to about 95% by 8/ April 2017, which may be due to either
manual cleaning or the restoration of faulty PV strings.

Site D shows the time-series daily T.,,PR data of a 24 kW, PV string in figure[3.6] For this
site, the logged manual cleaning dates were provided by the O&M team, which are indicated
by the pink vertical lines in figure [3.6] Just like the other sites, a steady decline in the T, PR
data is observed during dry periods, followed by constant T.,PR during the monsoon months,
except for random fluctuations in September 2023. Since this is a large utility-scale PV plant,

its string-level SCADA data is later used in this thesis to study non-uniform soiling loss.

Sites E, F, and G, whose daily T.,,PR profiles are shown in figures 3.8 and [3.9] re-
spectively, are small rooftop systems that do not have on-site weather monitoring stations. For
these, satellite-weather data was used, downloaded from Solcast [105]. Despite this limitation,

clear soiling trends can still be observed during the dry season, as visible in the three plots.
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Figure 3.9: Time-series daily T,,,PR data of site G, represented by the blue points (labeled as
Original). Daily precipitation/rainfall data is represented by the red colored bars on the right
y-axis.

However, during the rainy season, the data becomes noisy. This is likely due to Solcast’s spatial
resolution of 2 km, which could not capture local cloud movements accurately. As a result,
the modeled POA irradiance and PV power deviated from actual conditions during monsoon,
making the daily T,,,PR values appear less stable.

A more detailed discussion on this is provided in Chapter [6]

3.3 Summary

This chapter presented a detailed overview of the seven PV systems analysed in this thesis,
including both rooftop and ground-mounted installations. It introduced the key performance
metric, Temperature-corrected Performance Ratio (T.,-PR), used to evaluate the PV system
output. The daily T,,,PR trends were shown for all systems, each exhibiting distinct PV soiling
characteristics shaped by local climate and rainfall.

This chapter forms the foundation for the subsequent analysis of PV soiling losses. By
establishing baseline performance trends across different PV sites, it provides the necessary
context for advanced data filtering and soiling quantification methods discussed in the chapters
that follow. The next chapter introduces the filtering techniques used to clean the daily T.,PR
time series data, including the removal of shading effects and local outliers.
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Chapter 4

Data Filtering Techniques to Improve PV
Cleaning Event Identification

It was discussed earlier in chapter 2] that the presence of noise in PV performance data can
make it difficult to accurately detect true cleaning events. This, in turn, can lead to errors in
estimating PV soiling losses. Noise in the data may appear as random fluctuations caused by
factors like moving clouds, faulty or uncalibrated sensors, or errors in SCADA data logging. To
address this, it is important to apply reliable filtering methods that can remove both local and

global outliers, while still preserving the actual performance trends.

This chapter outlines the different techniques used to filter such noise and improve the
accuracy of PV cleaning event detection, thereby quantifying accurate PV soiling loss informa-
tion.

4.1 Removing shadows cast on PV system or pyranometer

Shadows on a PV system occur when part of the system, such as a group of panels in a PV
string, receives different irradiance levels compared to the pyranometer at a given time instant.

This mismatch in irradiance can be caused by several factors, including:

* Moving clouds.

* Nearby objects casting shadows on the panels.
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* Human intervention or flying birds

The following sub-section explores this issue in more detail.

4.1.1 Analysis and identification of shadows cast on PV systems

To better understand the effect of shadows on PV system performance, figure presents the
variation in measured PV power (also referred to as actual power) and modeled PV power, both
normalized to the system’s STC rating, for two specific days, 16" April 2014 and 22" August
2014, at site B. For additional context, the corresponding POA irradiance is plotted on the right-
hand y-axis. The instantaneous T.,PR values for these two days are shown separately in figure

4.2
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Figure 4.1: Hourly time-series plot of measured or actual PV power (orange), modeled PV
power (blue), on the left y-axis, and POA irradiance on the right y-axis for site B on (a) 16"
April 2014, (b) 22" August 2014.

In figure 4.1](a), there are random spikes observed in the actual PV power profile, which
is not reflected in the modeled PV power profile. This mismatch is reflected in figure 4.2(a),
where the instantaneous T.,-PR show noticeable dips during the same time windows. This
pattern suggests the presence of shadows on the PV system likely caused by nearby objects or
possibly from passing objects or obstructions, while the pyranometer remained unaffected.

Figure 4.1(b) presents a different case for the same PV system, where only the pyranome-
ter gets shadowed. This is evident from the sudden dips observed in both the modeled power
and POA irradiance curves during the peak electricity generation period (between 12 PM and
2 PM). During this period, the measured PV power remains unaffected, resulting in an unusual
spike in the instantaneous T.,PR values, as shown in figure 4.2(b). This abrupt increase in
T.orPR suggests that the modeled power was underestimated due to the pyranometer receiving
less sunlight than the PV panels, likely due to partial shading.

If such instances are not removed while computing the daily T.,.PR (as per equation
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Figure 4.2: Instantaneous T.,PR time-series plots for site B on (a) 16 April 2014, (b) 20md
August 2014.

3.4), they can distort the values by introducing noise into the data. This is because shadowing,
whether on the PV modules or the pyranometer, is not an inherent feature of the PV system
itself, but rather depends on external factors such as system layout, nearby structures, and tran-
sient weather conditions. Therefore, it is essential to identify and remove these shadow-affected

points to ensure a more accurate evaluation of PV system performance.
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Figure 4.3: (a) Hourly time-series plot of measured or actual PV power (orange), modeled PV
power (blue), on the left y-axis, and POA irradiance on the right y-axis for a 24kW, PV string
in site D on 5" July 2022 and (b) instantaneous T,,,PR time-series plot for the same site on 5th
July 2022.

This issue becomes even more critical in utility-scale PV plants, where the pyranometer
may be installed far from a specific PV string being analysed. Under cloudy conditions, this
distance can lead to the PV string and the pyranometer experiencing different irradiance levels.
One such example is shown in figure d.3] Figure[4.3|a) presents the measured and modeled DC
power profiles for a 24kW , PV string at site D on 5" July 2022, along with the POA irradiance
plotted on the secondary y-axis. The POA curve shows several distortions, suggesting that the
day was cloudy. Figure @.3(b) shows the corresponding instantaneous T.,PR for the same

day. Here, several sharp fluctuations are visible, indicating that the PV string was exposed to a
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different irradiance pattern than the pyranometer, likely due to moving clouds and their uneven
shading across the plant.

As explained before, these can introduce additional noise into the daily T,,,PR calculation
because both the PV string and the pyranometer are being affected differently, and hence, should
be filtered. To address this, robust statistical filtering methods must be applied to detect and

remove such shadow-affected data points. These are discussed in the following sub-section.

4.1.2 Implementation of robust shadow filtering algorithm

In the previous section, various scenarios of PV shadowing and their effects on the instantaneous
T.orPR were discussed. Building on that analysis, this section introduces a robust statistical
filtering method designed to detect and remove data points affected by shadows, whether on
the PV array or the pyranometer. The effectiveness of this filtering approach is evaluated by
comparing it with the method implemented in the SRR model for estimating daily T.,,PR. This
comparison is carried out for the above two days - 16/ April 2014 and 22" August 2014, at
site B, and for 5" July 2022 at site D.

Filter I = (POA > 100 W/m?) and ([MP — AP| < 2x) and (Instantaneous Tco,PR < 1.05) and
4.1)

(10 AM < Time of Day < 2 PM)
Filter 2 = (POA > 700W/m?) and (10 AM < Time of Day < 2 PM) 4.2)

Where, MP = Modeled PV power, AP = Measured or Actual PV power, x = Median of the
difference between MP and AP between 10 AM and 2 PM.

Equations[4.T|and@.2]present the filtering approaches used to remove shadows and outliers
from the instantaneous T.,,PR data. Equation defines filter 1, a robust shadow filtering
method developed as part of this thesis. In contrast, equation 4.2| outlines filter 2, the standard

time and irradiance filter used in the RDTools library.

In filter 1, the median metric is used for calculating ‘x’ since it is robust against out-
liers. The condition IMP - API < 2x ensures that only data points with consistent and realistic
deviations between modeled and measured power are retained. This threshold was found to
effectively capture shadow-free conditions across various sites studied in this thesis. Addition-
ally, limiting the T.,PR to < 1.05 ensures that unrealistically high performance values, often

resulting from shadowing of the pyranometer, are excluded.

By comparison, filter 2 is based on POA irradiance and time-of-day thresholds but lacks
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the dynamic comparison between modeled and actual PV power. This makes filter 2 less capable
of removing intermittent shadowing effects, those affecting the PV system. Since it uses an
irradiance filter, solar irradiance less than a fixed threshold (in this case lower than 700 W/m?2)

will get removed.
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Figure 4.4: Time-series hourly profile of (a) measured, modeled PV powers, along with the
POA irradiance, and (b) instantaneous T,,,PR for site B on 16" April 2014. The black points
on the measured PV power profile and instantaneous T.,PR profile indicate the points after
removing shadows, used for evaluating daily T,,PR data, obtained by applying filter 1.

Following the implementation of the filters, the daily T.,-PR was evaluated for each day
under study using both filter 1 and filter 2. For filter 1, equation [3.4] was used to compute the
daily T,,,PR. For filter 2, the insolation-weighted averaging method was adopted, as used in the
SRR model and RDTools library [14,/16].

Figures [4.4]to {.6] illustrate the filtered data points obtained using filter 1 for the three se-
lected days. In figures [d.4(a), [4.5(a), and [4.6(a), the black points on the actual normalised PV
power profiles indicate the shadow-free points retained for the daily T.,PR evaluation. Corre-
spondingly, figures 4.4(b), 4.5(b), and 4.6(b) show the filtered instantaneous T,,PR points used
for the same purpose. Across all cases, filter 1 successfully removed the spikes and disturbances

caused by shadows, whether on the PV system or the pyranometer.

Similarly, figures 4.7|and |4.8|indicate the filtered data points obtained using filter 2 for 16"
April 2014 at site B and 5" July 2022 at site D. The black points on the actual normalised PV
power profiles in figures[4.7(a) and @4.8(a) indicate the points retained for the daily T,,,PR eval-
uation. Figures[4.7(b) and 4.8|(b) show the instantaneous T, PR points obtained after applying
filter 2. Since filter 2 only uses time and irradiance filters, it is not able to remove shadows cast
primarily on the PV system. This is the reason why the spikes due to shadowing instances are

taken into account while evaluating the daily T, PR.

Table [.1] presents the comparison of the daily T, PR values calculated using both filters
for the three representative days: 16" April 2014 and 22"¢ August 2014 from site B, and 5"
July 2022 from site D. The results clearly demonstrate the differences between the two filtering
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approaches.
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Figure 4.5: Time-series hourly profile of (a) measured, modeled PV powers, along with the
POA irradiance, and (b) instantaneous T,,,PR for site B on 22"¢ August 2014. The black points
on the measured PV power profile and instantaneous T, PR profile indicate the points after
removing shadows, used for evaluating daily T,,,PR data, obtained by applying filters 1 and 2.

On 16™ April 2014 at site B, shadows were cast on the PV system, reducing the measured
PV power. Filter 2 failed to eliminate these points (Figure 4.7), resulting in an underestimated
daily T, PR of 88.53%. In contrast, filter 1 effectively removed the shadow-affected points
(as shown in figures @a) and Efkb)), yielding a higher and more realistic daily T,,PR of
95.64%.
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Figure 4.6: Time-series hourly profile of (a) measured, modeled PV powers, along with the
POA irradiance, and (b) instantaneous T,,,PR for site D on 5 July 2022. The black points
on the measured PV power profile and instantaneous T, PR profile indicate the points after
removing shadows, used for evaluating daily T,,,PR data, obtained by applying filter 1.

On 22™ August 2014, shadows were cast on the pyranometer and not on the PV system.
For this day, both filters 1 and 2 removed the pyranometer shadows. Filter 2 removed the
shadowing instance as it uses an irradiance filter (POA > 700 W/m?). As a result, the resulting

daily T.,,PR obtained using both the filters were nearly the same, as shown in table [4.1]
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Figure 4.7: Time-series hourly profile of (a) measured, modeled PV powers, along with the
POA irradiance, and (b) instantaneous T,,,PR for site B on 16" April 2014. The black points
on the measured PV power profile and instantaneous T.,PR profile indicate the points after

removing shadows, used for evaluating daily T,,PR data, obtained by applying filter 2.
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Figure 4.8: Time-series hourly profile of (a) measured, modeled PV powers, along with the
POA irradiance, and (b) instantaneous T,,,PR for site D on 5th July 2022. The black points
on the measured PV power profile and instantaneous T.,PR profile indicate the points after
removing shadows, used for evaluating daily T.,,PR data, obtained by applying filter 2.

Table 4.1: Comparison of daily T,,,PR of three days evaluated using filters 1 and 2

Site - shadow analysis Daily T,,PR (using Daily T.,PR (using

date Filter 1) (%) Filter 2) (%)
Site B - 16 April 2014  95.64 88.53

Site B - 22" August 92.81 93.37

2014

Site D - 5" July 2022 93.69 83.49

Finally, for the utility-scale PV string in site D (5 July 2022), which represents a more re-
alistic and challenging scenario in a typical utility-scale plant, filter 1 provided a more accurate
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daily T¢,PR of 93.69%, compared to 83.49% obtained using filter 2. This further underscores
the effectiveness of the proposed shadow-filtering algorithm to handle noisy data points.

It is important to note that the shadow-filtering analysis here was restricted to the 10 AM
to 2 PM window for every day. This time frame corresponds to the period of maximum so-
lar irradiance, minimal angle-of-incidence losses. Additionally, this window also matches the

duration used to evaluate the daily T,,,PR for a PV system.

4.2 Filtering Outliers in Daily PV T, PR Time-Series Data

In the previous section, a robust filtering technique was introduced to remove shadows cast
on PV systems and pyranometers. This method demonstrated significantly better performance
compared to the filtering approach implemented in the SRR model when evaluating the daily
TeorPR.

However, as noted in the literature, the time-series of daily T.,-PR becomes noisy during
periods of low irradiation, such as on cloudy days [25/115]. This reduction in accuracy arises
from the formulation of T,,-PR, which is defined as the ratio of measured to modeled DC power
(Equation [3.1). On days with low irradiance, the modeled power in the denominator is small,
making the ratio highly sensitive to small fluctuations or measurement errors. This leads to
large deviations in T.,,PR relative to those observed on clear-sky days.

Moreover, pyranometers exhibit a non-linear response under low-irradiance conditions
due to thermal lag, which reduces the accuracy of irradiance measurements. With response
times typically ranging from 5 to 30 seconds, pyranometers tend to smooth out short-term ir-
radiance variations, especially during rapidly changing conditions caused by intermittent cloud
cover [116]. In contrast, reference cells respond more quickly, leading to discrepancies between

the two types of sensors under dynamic sky conditions.

These factors collectively contribute to increased variability in daily T,,PR, even after
shadow filtering has been applied, because the filtering method evaluate each day independently.
Beyond these sensor related challenges, further sources of noise, such as sensor drift, data log-
ging errors, and electrical faults can also be there, discussed in detail in section These
issues are particularly relevant in large-scale PV plants, where system complexity and compo-
nent variability make PV cleaning event detection and hence accurate soiling loss quantification
even more difficult. Therefore, it becomes vital to apply a robust noise-filtering algorithm on

the daily T,,,PR time-series data to remove local and global outliers.

In this thesis, the filtering algorithm was tested on the PV performance data from four
sites, labeled A to D. To remove shadows cast either on the PV system or the pyranometer, the

daily T,,PR was evaluated by applying Filter 1, described previously.
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4.2.1 Implementation of Hampel Filter for Smoothing Noisy PV Perfor-
mance Data

To demonstrate the importance of filtering noise in the daily T, PR time-series data, the Rd-
Tools library was applied to the PV performance data of site B to extract possible soiling pro-
files [16]. Figure {4.9] presents the detected soiling trends (marked in orange), where the daily
T.orPR was computed using the insolation-weighted average method. It is evident from the fig-
ure that the soiling intervals, labeled 1 to 5, were inaccurately identified. This is because, these
profiles do not align with any visually detectable decline in the daily T., PR trends, which
would rather suggest the occurrence of soiling.

1.20 4

1.15 4

1.10 1

1.05 4

1.00 4

Daily TcorPR

0.95 -

0.90 -

Time[YYYY-MM]

Figure 4.9: Daily T., PR time-series trend of site B obtained using the RdTools library in
Python [[16]]. The numbers 1-5 (in orange) indicates the incorrectly detected PV soiling profiles,
due to noise in the time-series data.

The mis-identification of these soiling intervals can be attributed to the presence of noise
in the daily T, PR data, which persists even after the application of irradiance and time filters.
Consequently, this leads to false cleaning event identification resulting in inaccurate estimation
of soiling losses. This highlights a key limitation of applying the RdTools library directly to
noisy PV T, PR time-series data. It underscores the necessity of implementing robust noise-
filtering techniques, like the Hampel filter, discussed in the subsequent section, prior to any

soiling analysis, in order to ensure the reliability and accuracy of the results.

To remove local outliers from the daily T,PR time-series data, the Hampel filter was
employed. Hampel filter is a robust statistical method for detecting and filtering noise in time-
series datasets [117]. The Hampel filter works by evaluating each data point with respect to a
rolling window of its neighboring values. For each rolling window, consisting of a number of
data points, the median and the Median Absolute Deviation (MAD) are evaluated. The MAD,
which gives the variability of the data points, provides a distinct advantage over traditional
methods like the standard deviation, as it remains largely unaffected by outliers. This makes
the Hampel filter effective in identifying local outliers. A data point is flagged as an outlier if it

deviates from the median of its surrounding window by more than a specified threshold, which
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is defined as a constant (often referred to as the scale factor) multiplied by the MAD.
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Figure 4.10: Probability Density plots for (a) site A, (b) site B, (¢) site C, and (d) site D.

After the Hampel filter identifies an outlier, the corresponding data point is replaced with
the median value of its neighboring points within the defined rolling window. This strategy
ensures that random anomalies are removed and they don’t distort the trend of the daily T.,PR
time-series data. A major advantage of the Hampel filter is its ability to handle data having
noise that do not follow a Gaussian distribution. By relying on median-based statistics, the
Hampel filter ensures that transient anomalies in the daily T,,,PR time-series data are accurately
detected and removed. This makes the Hampel filter particularly effective in processing real-
world PV performance datasets, where occasional spikes, due to environmental conditions or

sensor-related issues, are often present.

The application of the Hampel filter in PV performance analysis has been reported in
earlier studies. For example, Zhao et al. employed it as part of a diagnostic tool for identifying
faults in PV systems [118]. Again, Jordan and Hansen used a seven-day moving Hampel filter
to effectively remove outliers while evaluating the long-term performance degradation of a PV
plant [119].

In this thesis, the 1-sigma Hampel filter was slightly modified to remove local noise/out-
liers from the daily T., PR time-series data. A 7-day rolling window was used. The modi-
fication was introduced in the filter’s implementation. Instead of replacing outliers with the
window’s median, as is typically done, the outlier values were forward-filled using the last
valid daily T,,PR value. This modification was introduced to retain the improvement in the

daily T,,PR points associated with PV cleaning events, which could otherwise not be captured
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Figure 4.11: Daily T,,,PR time-series data of site A. The ‘Original’ (blue) points refer to the
points before filtering and the ‘Filtered’ (orange) points refer to those after applying the Hampel
filter.
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Figure 4.12: Daily T,,,PR time-series data of site B. The ‘Original’ (blue) points refer to the
points before filtering and the ‘Filtered’ (orange) points refer to those after applying the Hampel
filter.

by the standard median replacement.
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Figure 4.13: Daily T,,,PR time-series data of site C. The ‘Original’ (blue) points refer to the
points before filtering and the ‘Filtered’ (orange) points refer to those after applying the Hampel
filter.

The ‘1-sigma’ criterion indicates that data points deviating from the window median by
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more than one MAD were demarcated as outliers. A scaling factor of 1.4826 was applied to
the MAD to make it statistically robust to the normally distributed residuals. Figure[4.10]shows
the probability distribution plots of the daily T,,,PR distributions for sites A to D. The blue his-
tograms represent the distribution of daily T,,PR values, while the black curves represent the
best-fit normal distributions. For sites B, C, and D, the distributions closely resemble Gaussian
shapes with slight asymmetries.
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Figure 4.14: Daily T.,,PR time-series data of a 24kW , PV string at site D. The ‘Original’ (blue)
points refer to the points before filtering and the ‘Filtered’ (orange) points refer to those after
applying the Hampel filter. The pink vertical lines refer to the logged cleanings for this string,
as per the information provided by the plant O&M team.

In contrast, the probability density plot for site A (figure [4.10{(a)) deviates from the shape
of a typical Gaussian curve. This is attributed to the relatively low noise in site A’s daily T.,-PR
time-series data, shown in figure[3.2] The small daily variation in the daily T,,PR data reduce
the likelihood of a typical normal distribution curve. For site C, as shown in figure [3.4] the
daily T.,PR dropped suddenly to 85%. These anomalous data points were excluded from the
distribution plot shown in figure d.10(c) to improve the symmetry, helping to highlight the near-
Gaussian nature of the remaining data, thereby, justifying the application of the Hampel filter
to remove noise.

After removing noise, the filtered daily T,,PR dataset was used for detecting cleaning
events using an algorithm, which is discussed in the next sub-section. The time-series daily
Tco-PR data for sites A - D after applying the Hampel filter, are shown in figures 4. 11| to [4.14]

The orange dots in the plots indicate the daily T,,,PR points after removing outliers.

4.2.2 Detection of PV Cleaning Events

The method used in this thesis to detect cleaning events (CEs) was based on the approach
developed by Deceglie et al. in the SRR model [14], as previously explained in section [2.2.2]
However, as reported in earlier studies [[15,/19,25,27], the use of a fixed 14-day moving-median
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window and an o threshold of 1.5 does not work well for all PV systems in different geographic

and climatic conditions.

In line with these findings, the default parameters of the SRR model did not perform well
on the datasets analysed in this thesis. This was mainly due to the presence of residual noise that
remained even after applying the modified Hampel filter, which in turn affected the accuracy
of CE detection. As a result, the optimal values for the window length and o threshold were
selected through trial-and-error based on visual inspection of the daily T,,PR time-series data.
Similar challenges and manual adjustments were also reported by Skomedal et al. [19] and

Micheli et al. [27] in their respective studies.

Table 4.2: Moving median length (in days) and o values utilised in the algorithm to detect
accurate PV CE:s for site A to D

Site Moving Median Window Length (days) o

A 7,8,9,10, 11 1,1.5,2
B 6 0.85

C 7 1

D 7 3

In this chapter, the optimal values for the moving median window length and the o thresh-
old were identified individually for sites A to D. For site A, several combinations of these two
parameters were found to work effectively. This is because, as shown in figure d.11] the SCADA
data for site A contained very low levels of noise. The day-to-day variation in the T.,,PR was
under 2%, compared to over 20% for sites B and D. The low variation in the daily T,,,PR for
site A can be attributed to high-quality measurements of PV power, POA irradiance, and mod-
ule temperature, as well as the fact that the system was smaller in size and well maintained. As

a result, there was little to no residual noise even after applying the Hampel filter for site A.

In contrast, the presence of residual noise in the datasets of sites B, C, and D meant that
multiple combinations of parameters often led to incorrect detection of PV CEs. Therefore, a
single, carefully chosen set of parameters for the moving median window and « value were
necessary to detect true CEs for these sites. The final set of parameter values used for each site
(A to D) are listed in table 4.2l Since none of the sites studied in the thesis had a dedicated
soiling sensor, the identification of true CEs relied on visual inspection to detect improvement
in the daily T.,PR, indicating the removal of dust and dirt particles from the PV panel surface.

Figures .15 to [4.18] present the CEs detected using the optimal parameter sets identified
for sites A to D, as listed in Table 4.2l These CEs are marked with black dashed vertical lines.
The CE detection algorithm was applied after filtering out local outliers using the modified

Hampel filter.
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Figure 4.15: Daily T, PR time-series data of site A, with detected CEs, represented by the
black-dashed vertical lines.
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Figure 4.16: Daily T, PR time-series data of site B, with detected CEs, represented by the
black-dashed vertical lines.

For site A (figure .15)), distinct sawtooth-shaped soiling patterns are observed during the
dry season, indicating a steady decline in the PV performance due to dust accumulation. During
the rainy season, by contrast, the daily T, PR values remained relatively stable, suggesting that
the system remained clean during this period. Two CEs were detected, one in February 2016
and another in April 2016, where an improvement in the PV performance can be observed in
the absence of rainfall. These may correspond to manual cleaning activities, although no log
entries are available to confirm this.

Figure @ shows the detected CEs for site B. Before filtering, the daily T,,PR time-
series had a day-to-day variation exceeding 20%, which was reduced to around 3.5% after
applying the Hampel filter. Using the optimal parameters, the CE detection algorithm suc-
cessfully captured performance improvements immediately after the precipitation events. Two
additional CEs, on 11" January 2014 and 21* October 2014, were detected in the absence of
rainfall or manual cleaning records. These occurred likely due to wind-driven cleaning under
dry, low relative humidity (RH) conditions. This is further explained in detail in section [A.T]
of the Appendix of this thesis. However, some false CEs were also detected during May 2014,
likely resulting from residual noise in the data. Conversely, several rainfall events in December
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Figure 4.17: Daily T, PR time-series data of site C, with detected CEs, represented by the
black-dashed vertical lines.

2014 were not detected as CEs, possibly because the rainfall was insufficient to remove the

accumulated dust from the PV modules.

In figure 4.17] the daily T, PR time-series data with detected CEs is shown for site C.
Here, the improvement in the PV performance following detected CEs was less compared to
sites A and B. This can be because the cleaning might have occurred naturally, due to wind
effects under low RH conditions, although no RH data was available for this site to confirm
this.
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Figure 4.18: Daily T,,PR time-series data of site D, with detected CEs, represented by the
black-dashed vertical lines.

Figure @ shows the results for the 24 kW, string in site D. The CEs detected between
January and March in both 2022 and 2023 align well with the logged cleanings, demonstrating
the robustness of the CE detection algorithm used. However, several false CEs were also de-
tected between August 2022 and October 2022, as the data was noisy despite the application of
the Hampel filter. A false CE was also detected in early February 2023, likely due to residual

noise.

Overall, the modified Hampel filter proved effective in reducing noise from the daily

T.orPR time-series data, thereby improving the accuracy of CE detection for all the four sites.
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This was particularly evident during the dry periods, especially for site D, when dust accumu-
lation and PV output were both high. As also noted by Skomedal et al. [19], no algorithm can
fully eliminate all noise. Despite this limitation, the methodology described in this thesis is
applicable to PV plants of varying sizes and geographic locations. Reliable detection of true

CEs is critical, as it directly influences the accurate quantification of PV soiling losses.

4.2.3 Impact of filtering outliers on PV Cleaning Event Detection

To evaluate the effectiveness of the modified Hampel filter in improving the accuracy of PV
CE detection, a comparative analysis was carried out. This involved identifying CEs with and
without the application of the Hampel filter for sites A, B, and D.

Figure .19|shows the detected CE:s for site A, before and after applying the Hampel filter.
CEs detected without using any filtering are shown with blue solid lines and marked as ‘CE_o’,
while those detected after applying the modified Hampel filter are shown with orange dashed
lines and marked as ‘CE_f’. The results show that noise filtering had little impact on the CE
detection for this site. Improvements in daily T,,,PR due to rainfall or possible manual cleaning
were captured both before and after filtering, with minimal difference between the two. This is
expected, as site A is a small system with well-maintained sensors, which reduces measurement
uncertainty and limits the presence of noise in the data.
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Figure 4.19: Time-series plot of daily T,,,PR of site A with detected CEs without using any
noise filter and using the Hampel filter. CEs detected without filtering are denoted by CE_o,
and those detected using the modified Hampel filter is denoted using CE_f.

The situation was different for site B, as shown in figure #.20] Here, a comparison of CE
detection before and after filtering highlights several issues. Without any noise filtering, the
algorithm incorrectly identified a CE (CE_o-1) caused by noise in the data. In the period from
April to July 2014, the daily T.,,PR showed large fluctuations, with a maximum variation close
to 13%. This led to another false CE detection, labeled ‘CE_o-2’. A third false CE, ‘CE_o-
3’, was identified on 17"" December 2014. Additionally, without filtering, the CE detection
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algorithm failed to detect actual improvements in the daily T.,,PR following rainfall events in
early February 2014 and mid-July 2014, both of which were clearly evident on visual inspection.
After applying the Hampel filter, these improvements were successfully detected and marked as
‘CE_f-1" and ‘CE_f-2’ in figure FF_ZUL At the same time, the earlier false detections (CE_o-1 to
CE_o-3) were no longer detected in the time-series data, further suggesting the importance and
the benefit of noise filtering.
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Figure 4.20: Time-series plot of daily T,PR of site B with detected CEs without using any
noise filter and using the Hampel filter. CEs detected without filtering are denoted by CE_o,
and those detected using the modified Hampel filter is denoted using CE_f.

A similar analysis was carried out for the 24kW , PV string at site D, shown in figure @
After filtering, the CE detection algorithm was able to correctly identify improvements in the
daily T.,PR caused by manual cleaning, marked as ‘CE_f-1’, ‘CE_f-2’, and ‘CE_f-3’. These
events were not detected when the CE detection algorithm was applied directly to the unfiltered

daily T.,,PR data, as no blue vertical lines are visible on the same dates in figure 4.21]
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Figure 4.21: Time-series plot of daily T,,PR of site D with detected CEs without using any
noise filter and using the Hampel filter. CEs detected without filtering are denoted by CE_o,
and those detected using the modified Hampel filter is denoted using CE_f.

This analysis therefore, demonstrates that applying a noise filter to the daily T,,PR data
is essential. It helps eliminate false CE detections caused by fluctuations in the data and also
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enables the identification of true CEs that might otherwise be missed. Accurate CE detection is
crucial for reliable estimation of PV soiling losses.

4.3 Summary

This chapter discussed the key challenges involved in analysing PV SCADA data for evaluating
PV performance. One of the main issues is shadowing, either on the PV system or on the
pyranometer. If not identified and removed, this can lead to inaccurate calculation of the daily
T.orPR. To address this, a robust shadow filtering method (Filter 1) was proposed and tested on
PV systems of different sizes. Its performance was then compared to the time and irradiance
filter (Filter 2) used in the SRR model. The results showed that filter 1 performed significantly

better in removing the effects of shadowing.

In addition to shadowing, noise in the daily T,,,PR time-series can arise due to issues with
irradiance sensors, problems in data logging, or variability in weather conditions. This can lead
to false detection of CEs, which in turn affects the reliability of PV soiling loss estimations.
To address this issue, a modified Hampel filter was introduced to detect and remove anomalies
from the data. A comparison of CEs detected with and without applying this filter showed that
noise filtering plays an important role in reducing false CE detections and ensuring true cleaning
events are not missed.

The filtering methods presented in this chapter were further applied to analyse the non-
uniform PV soiling losses across multiple strings of site D, as will be discussed in detail in
Chapter [5] Again, the selection of optimal values for the moving median window length and
o parameter was based on visual inspection, which can become time-consuming when dealing
with large-scale PV systems with many strings. To address this, an automated cleaning event
detection approach is proposed and will be explained in Chapter [6 Overall, the methods and
algorithms introduced in this chapter form the foundation for the subsequent analyses of PV

soiling carried out in the following chapters.
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Chapter 5

Analysing Spatial Variability of PV Soiling
Loss in a Utility-scale PV plant

Non-uniform soiling refers to the uneven deposition of dust particles across different parts
of a PV plant, leading to variations in power generation. Addressing such spatial variation is
important for planning effective cleaning strategies and improving the overall performance of
utility-scale PV plants. As these large-scale PV plants continue to expand globally, managing
non-uniform soiling becomes increasingly critical. According to IEC 61724-1, PV installations
exceeding 5 MW, in capacity should include at least one soiling station [10]. While these
stations comprising of soiling sensors, explained earlier in Chapter [2.2.1] can help monitor
soiling losses, deploying multiple stations to capture spatial variation across a large site can
significantly increase system costs.

Recently Micheli et al. explored spatial soiling loss using string-level SCADA data from
a 3.25 MW, plant in Chile [27]. Their findings demonstrate the potential of targeting the most
soiled strings for cleaning to improve power generations. However, applying such a string-level
cleaning approach may not be practical for much larger PV plants, where the number of strings

can be large and cleaning each individually becomes operationally challenging.

To effectively study non-uniform soiling in large PV installations, it is essential to have
access to string-level PV generation data. Using inverter-level SCADA data to analyse non-
uniform soiling may not be ideal, as each inverter typically aggregates data from many PV
strings spread across a large area. This level of resolution may not be sufficient to capture the

finer spatial variations in soiling across the plant. In this chapter, string-level data from three
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different zones, zones A, D, and I of site D, a 50MW,, utility-scale PV plant, were used. The
layout of the plant has been described earlier in Section [3.1] By analysing the string level data
using the methods presented in chapters [3]and ] the impact of PV soiling on different parts of

the plant was studied, which will be presented in this chapter.

The information on non-uniform soiling was thereafter used to design cleaning strategies
aimed to maximise cleaning profit based on different cleaning thresholds for all the strings.
While this method can effectively address string-level variation in PV soiling, it is often im-
practical for large-scale PV plants, as it requires separate cleaning days for different strings
across the site. To overcome this, a zone-optimized cleaning approach was developed. In this
method, all strings within a zone are cleaned based on the cleaning days of the highest soiled
string in that zone. The analysis was focused on the zone that experienced the highest soiling
non-uniformity among the three zones studied. Furthermore, when introducing artificial clean-
ing events based on defined thresholds, the DC cabling loss for each string was also taken into

account in the analysis.

In addition, a sensitivity analysis was carried out to understand how variations in solar PV
electricity tariffs and cleaning costs could influence the profitability of PV cleaning operations.
This included both current and future projections of PV electricity tariffs, as well as anticipated

increase in labor costs in India.

The evaluation of the daily T,,,PR data for all strings in the selected zones of site D builds
upon the methodology described in chapters [3] and [d] The shadow filtering approach and the
modified Hampel filter for outlier removal were applied here as well to ensure reliable data for
analysing non-uniform PV soiling loss. These filtering steps form an essential foundation for

the string-level analysis presented in this chapter.

5.1 Distribution of non-uniform soiling loss of different zones

in site D

The daily T,,,PR values for the strings in the three selected zones were calculated using equa-
tions [3.1] to [3.4] Following this, the Hampel filter described in Section 4.2.1] was applied to
remove local outliers from the data. PV CEs were then identified for each string using the same
approach outlined in Section 4.2.2] However, due to the presence of residual noise in the daily
T.orPR time-series data, some false cleaning events were still detected. To reduce these inac-
curacies, the moving median window length and o parameters, as explained in the last chapter,
were adjusted based on the noise level of each string. Since all the strings belonged to the same
site (site D), the moving median window length was fixed at 7 days, and only the & value was

varied. The appropriate o value for each string was determined through a process of trial and
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error. By carefully observing the effect of different o values on the CE detection, the one that
minimised false detections was selected. To illustrate this in more detail, the detected CEs of

three strings in zone I and how they are affected by varying the o parameter is shown below.
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Figure 5.1: Daily T,,, PR time-series data of a string in zone I. The dotted black vertical and
solid pink lines represent the detected CEs (labelled as CE) and logged CEs as informed by the
O&M team. CEs for this string detected by setting o = 3.

Figure shows the daily T,,,PR time-series data for one of the strings in zone I, from 1
January 2023 to 20" March 2023. The blue points represent the original T,,,PR values before
any filtering, while the orange points show the points after applying the Hampel filter. The pink
vertical lines indicate the logged cleanings provided by the plant O&M team. There are multiple
pink lines that can be seen within a short time frame, for example, two lines in January and three
in February 2023 in figure [5.1] This does not imply that this string was cleaned multiple times;
rather, it means the cleaning was carried out on one of those days in each month, although
the exact date is not known. The dashed black vertical lines represent the CEs detected by the
algorithm when the o parameter was set to 3. In this case, the algorithm successfully identified
the actual improvements in the T., PR data, and the detections aligned well with the logged
cleanings. This accuracy can be attributed to the relatively low noise level in the SCADA data
for this particular string.
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Figure 5.2: Daily T,, PR time-series data of a string in zone I. The dotted black vertical and
solid pink lines represent the detected CEs (labelled as CE) and logged CEs as informed by the
O&M team. CEs for this string detected by setting & = 3. One false cleaning were detected by
the algorithm, indicated by the green-shaded area.
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Figure 5.3: Daily T,, PR time-series data of a string in zone 1. The dotted black vertical and
solid pink lines represent the detected CEs (labelled as CE) and logged CEs as informed by the
O&M team. CEs for this string detected by setting o = 3. Two false cleanings were detected by
the algorithm, indicated by the green-shaded area.

However, using the same o value (& = 3) for the other strings in zone I did not give
accurate cleaning detections. Here, several false cleanings were detected, as can be seen for
the two strings located in zone I, shown in figures [5.2]and [5.3] highlighted by the green shaded
areas. This happened because the daily T,,,PR time-series consisted residual noise, even after
applying the Hampel filter. Again, using the same «, the algorithm failed to detect a logged
cleaning in February 2023 for these two strings (figures and[5.3). This may be because the
string experienced minimal soiling loss, and hence, cleaning did not result in any significant
improvement in T.,PR. It is also possible that the string wasn’t actually cleaned, and the log
was incorrect, though no further information was available to confirm this. These highlight the

importance of careful tuning of o for different strings to avoid false cleaning detections.
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Figure 5.4: Daily T,, PR time-series data of a string in zone 1. The dotted black vertical and
solid pink lines represent the detected CEs (labelled as CE) and logged CEs as informed by the
O&M team. CEs for this string detected by setting o = 4. The previously detected cleanings

using o = 3 for this string is shown in ﬁgure@ Using o = 4, no false cleanings were detected.

To reduce false cleaning detections, & was increased. For the string shown previously in
figure @, an o value of 4, instead of 3 was used. The daily T, PR plot with the detected
cleanings for a = 4 is shown in figure With this value, the previously observed false
cleaning was removed. However, as before, the logged cleaning in February 2023 was still
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not detected, likely because the soiling level was low or the manual cleaning was not effective.
When a was reduced to detect the February cleaning, a higher number of false cleanings got
detected. Since false detections would lead to inaccurate soiling evaluation, & = 4 was taken as

the optimal value for this string.

1.05
* Original
1.00 4 * . ° Zi::ered
L] . -—-
o i . R | .
ﬂ‘-_ 0.95 ° ° L la E @ ! . e ! .o . logged CE
] ® . e P » . ele ! ° Y ° 08, oo
F 0.90 o Cel ee e » . °
>
1 . .
© 0.85 | .
a
0.80 : :
0.75 . ‘ I ‘ ‘
1 2 N %% > 3 X)
s 7 a° o 2% >° > 7
%2 " - 3" 3 2 2 2
207 o o 20% 20% 207 207 207 207

Figure 5.5: Daily T,,PR time-series data of a string in zone 1. The dotted black vertical and
solid pink lines represent the detected CEs (labelled as CE) and logged CEs as informed by the
O&M team. CEs for this string detected by setting o = 4. The previously detected cleanings
using & = 3 for this string is shown in figure[5.3] Using « = 4, the previously detetcted logged
cleaning in January got missed.

For the string shown in figure using a higher o value (o = 4) caused the algorithm to
miss the January 2023 cleaning that matched the logged cleaning data. The detected cleanings
for this string is shown in figure [5.5] This demonstrates that increasing & value helps remove
false cleanings but may also lead to missing actual cleaning events.

Overall, this analysis highlights the need to tune the a parameter individually for each
string, so that false detections are minimised while true cleanings are still captured. Although

this process was time-intensive, it was essential for ensuring the accuracy of the analysis.

5.1.1 Defining the Analysis Period for Non-Uniform PV Soiling Evalua-

tion

To assess the impact of non-uniform soiling on the PV plant, a specific time window was se-
lected for analysing the SCADA data of strings from the three zones. To explain the rationale
behind this, the daily T.,,PR profile corresponding to a string in zone A of site D is shown in
figure [5.6] This figure was previously shown in Chapter 4] and is included here for reference.
The CEs for this string were identified using a 7-day moving median window and an « value of
3, as listed in table The analysis period for this string spans from 1% January 2022 to 20"
March 2023. Precipitation data for the site is also plotted on the secondary y-axis. It can be
seen that during periods of rainfall, the daily T.,PR remains fairly constant, except for some

residual noise observed in August and October 2022. In contrast, during the dry periods in the
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same plot, clearer soiling trends are visible in the daily T, PR data. Moreover, during these dry
spells, the detected cleanings align well with the logged cleaning dates, confirming the accuracy
of the CE detection method.
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Figure 5.6: Daily T,,,PR time-series data of site D, with detected CEs, represented by the

black-dashed vertical lines. This figure also shown in ChapterEl, is included here for reference.

From a soiling standpoint, PV generation is generally higher during dry, non-rainy sea-
sons, which are also when dust particles tends to accumulate most. As a result, manual cleaning
is carried out during this time. In contrast, during the rainy season, PV generation is lower due
to reduced irradiance, and the panels are naturally cleaned by rain, reflected by a stable T,,,PR.
Considering these factors, the analysis of non-uniform soiling loss in this thesis, was limited
to the dry season. Hence, the SCADA data was evaluated between 1* January 2023 and 20"
March 2023. A similar approach was followed by Yaghoubi et al., who focused their cleaning
optimisation study only during the dry season for the same reasons [30].

5.1.2 Evaluation of PV Soiling Rates

Soiling rate (Sg4.) refers to the rate at which dust accumulates on the surface of PV modules,
leading to a gradual drop in their performance over time. Once the PV CEs were identified,
the soiling rates of the strings were calculated. The period between two consecutive CEs is
referred to as a soiling interval (SI). In earlier studies, Deceglie et al. [14] and Skomedal et
al. [19] estimated Sg.s using the Theil-Sen estimator and linear regression, respectively. These
methods assume a uniform rate of dust deposition throughout the SI, which may not always be
valid. As pointed out by Micheli et al. [[120,/121]], environmental variations, such as sudden dust
storms during dry spells or unusually long rainy periods, can affect the dust deposition rates on
PV modules.

To capture these variations more accurately, it becomes important to detect changes in the
daily T.,,PR time-series data that reflect fluctuations in soiling rates. This is where change-point

detection algorithms become useful. These algorithms identify points in a time series where the
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Figure 5.7: Daily T, PR time-series data of a string in zone I, with the soiling trends evaluated
using the FBP algorithm. The weighted Sg,.s of each SI are also highlighted in the plot.

statistical properties change, such as a shift in mean or trend. Some commonly used change-
point algorithms include the Piece-wise Regression (that can be defined using the piece-wise
function in Python’s NumPy library [124]]), Pruned Exact Linear Time (PELT) method [|122],
Bayesian Estimation of Abrupt Change, Seasonality, and Trend (BEAST) [123].

In their work, Micheli et al. 53] tested several such algorithms and found that the Face-
book Prophet (FBP) algorithm was particularly effective [125]. It not only captured shifts in the
soiling trends accurately but also showed robustness against outliers in the data. Therefore, the
FBP model was used in this thesis for identifying soiling trends within each SI.

To apply the FBP algorithm, the ‘fbprophet’ library in Python was used. The model pa-
rameters were set to ‘n_changepoints’ = 50 and ‘changepoint_range’ = 1.0, similar to that used
by Micheli et al. [55]]. Since the study period spanned only about three months, seasonality
effects were negligible, and hence, the seasonal component of the model was disabled (‘sea-
sonality_mode’ = False). The algorithm was then run on the Hampel-filtered daily T.,-PR
time-series data for each string to extract the soiling trends. Once the soiling trends were iden-
tified, the Sg.. for each SI was computed using a weighted approach. The weighted Sg.. for a
string over the full analysis period was calculated by aggregating the individual SIs. Equation
[5.1]is used to calculate the weighted soiling rate for either a single SI or for the entire period by
aggregating the weighted contributions of all SIs in the daily T, PR profile of a PV string.

Zsegments in a given SI or (Li X SRate,i)

Weighted Srae = across Sls (5.1)

Zsegments in a given SI or (Li)
across Sls

Where:

* L; is the duration of segment i in days.

* SRate,i 18 the soiling rate for segment 1.
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Figure presents an example of the FBP trend applied to the daily T.,-PR data of the
same string previously shown in figure 5.1} The black line in the plot shows the FBP algorithm
estimated soiling trend, while the change points divide the data into intervals with distinct soil-
ing segments. The Sg,. values for each segment were then used to calculate the weighted Sgg;.
for each SI. Below is a summary of how the weighted Sg,;, was calculated for each of the three
SIs in this string:

* SI 1 consisted of three segments with the following Sgryres: -0.620%/day (4 days), -
0.070%/day (16 days), and -0.017%/day (10 days). Using equation [5.1] the weighted
SRrate for SI 1 was -0.154%/day.

» SI2included four segments: -0.190%/day (12 days), -0.230%/day (5 days), +0.080%/day
(7 days), and -0.310%/day (11 days). The weighted Sgy. for SI 2 was calculated as
-0.179%/day.

 SI 3, when similarly evaluated, had a weighted Sgg. of -0.057%/day.

Finally, the overall weighted Sg.. for the string, aggregated across the three SIs was found
to be -0.150%/day. This process was repeated for every string across all three zones in site D.
The final weighted Sg,. values were used to analyse and compare the distribution of non-

uniform soiling across the three zones.

5.1.3 Analysing Non-Uniform PV Soiling Loss through creation of Soiling
Map

The weighted Sg.. for each string across the three zones A, D, and I was calculated. Using
these values, a PV soiling map was created for each zone. These maps help visualise the spatial
distribution of soiling across each of the zones. This can assist the O&M team in identifying

areas where strings are experiencing high soiling losses.

Figure [5.8| shows the soiling map of zone I, where each rectangular box represents a PV
string. The map clearly highlights the non-uniform distribution of soiling across the zone based
on the soiling rate values of string present in it. The highest soiling losses are seen in the strings
located next to an unpaved road, which is shown as a grey strip in the figure. This road, used to
access other zones, likely kicks up dust that settles on the nearby PV modules, increasing their
soiling levels. Some strings in the northern part of the zone also show slightly higher soiling
than their neighbours. This part of the plant is located on hilly and uneven terrain, which can
make it harder to reach and clean the strings. Since the zone’s entrance is in the southernmost
part (also marked in the figure), accessing the far northern strings might be difficult. This limited

access could explain the higher soiling observed in those areas.

Interestingly, a few strings located on the upper right side of zone I showed unusually low
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Figure 5.8: Soiling map of zone I displaying the distribution of the strings in-terms of the
weighted Sg.s. for approximately three months of study. Each rectangular box is a PV string,
with the larger box being a string of 60 modules. The smaller boxes adjacent to each other are

strings each having 30 modules. Two such smaller boxes are connected to form one string.

soiling rates, even though they are close to the unpaved road. This unexpected result could be
due to possible issues with data logging, as all these strings are connected to the same String
Monitoring Box (SMB) 12. Figure |51§| shows the daily T,,,PR time-series for one of these
strings (INV2-SMB12-S07). Unlike other strings in the zone that show clear signs of dust
buildup, this string does not show any noticeable soiling pattern, which suggests there may be a
problem with how the data is being recorded for these specific strings. Moreover, unlike other
strings of this zone (Figure [5.1)), the logged cleanings don’t match the detected CEs for this
string.
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Figure 5.9: Time-series plot of Daily T,,,PR for string 7 connected to INV2-SMB12 in zone I.
No soiling trends can be visually detected for this string. The detected CEs (black-dashed line)
doesn’t match the pink logged cleanings.
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In addition to the above, figure [5.10|shows the time-series scatter plots of peak string cur-
rents from three different strings recorded between 1 and 22" January 2023. These strings
are: String 1 from INV2-SMB10, String 7 from INV2-SMB12, and String 7 from INV1-SMB9.
The strings connected to INV2-SMB12 and INV1-SMB9 are located along the edge of the zone
near the unpaved road, while String 1 of INV2-SMB10 lies more towards the left side of the
zone. Based on their locations, the strings near the road are expected to have more dust accumu-
lation and, therefore, higher soiling losses. Looking at figure [5.10] the green dots, representing
the peak current of String 7 from INV1-SMB9, gradually decrease over time, suggesting a drop
in its performance due to soiling. Then, on 19" January 2023 (highlighted by the red-shaded
region), there’s an improvement in the peak current, which aligns with the manual cleaning
performed by the O&M team. This increase in peak current on 19" January 2023 cannot be at-
tributed to an unusually high irradiance event, as the corresponding POA irradiance time-series
for the same period (shown in figure [5.T1]) does not exhibit any abnormal increase compared to
the surrounding days.
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Figure 5.10: Time-series plot of peak current for three strings connected to three SMBs: INV2-
SMB10 (String 1), INV2-SMB12 (String 7), and INV1-SMB9 (String 7) in zone 1. The red
shaded area highlights that the string 7 of INV1-SMB9 was cleaned by the O&M team on 19"
January 2023 indicated by the improvement of the peak current.

mmH

! | 1
| JUULUUUL

y T u y y y y
01-01 03-01 05-01 07-01 09-01 11-01 13-01 15-01 17-01 19-01 21-01 23-01

15t - 22 Jan. 2023

)

@ 15}

g B
p———

POA Irradiance (W/m?

Figure 5.11: Time-series plot of POA irradiance from 1* to 22"¢ January 2023, used to verify
that the increase in peak string current on 19" January was not driven by unusually high irradi-
ance. The red shaded area denotes the POA irradiance on 19" January.
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In comparison, the time-series plot of the peak current for String 7 connected to INV2-
SMB12 located also at the edge of the unpaved road doesn’t show any noticeable drop due to
soiling. Its peak current closely follows that of String 1 from INV2-SMB10, which is located
far away from the unpaved road and is expected to have lower soiling loss. This raises the
possibility that there may have been data logging issues with SMB12, which could explain why
its connected strings show unusually low soiling losses. However, it’s difficult to confirm this,

especially since there were no reported faults or issues from the O&M team related to this SMB.
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Figure 5.12: Soiling map of zone A displaying the distribution of the strings in-terms of the
weighted Sg.s. for approximately three months of study. Each rectangular box is a PV string,
with the larger box being a string of 60 modules. The smaller boxes adjacent to each other are

strings each having 30 modules. They are connected to form one string.

Figure [5.12] shows the soiling map of zone A. This zone is located at the starting of the
PV plant and includes the control room. It faces noticeable soiling issues. One key reason is
the vehicle movement near the control room, where cars driving in and out create dust cloud,
leading to more soil particles settling on nearby PV strings. This is visible by the darker shades
in the soiling map. Similar to zone I, towards the right side of zone A, there is a paved road
used to access other parts of the plant. Although the road is paved, its condition is not as good
as typical urban roads, likely due to the remote location of the PV plant. Frequent traffic on
this road, along with vehicular emission kicks up dry soil and dust. Since the plant is located
on a hill top, presence of strong winds spreads these dust particles toward nearby PV strings,

increasing soiling. This pattern can again be seen as darker patches on the Sg4,. scale in figure
5.12
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Figure [5.13] presents the soiling map of zone D. This is the largest of the three zones and
includes the Inverter Container Room (ICR1), which contains four inverters. There are also
storage containers placed in the open area on the lower left side of the zone, just below the
service road. This road connects the zone to the main road outside and is shown in grey in
the figure. These parts of the zone experience frequent human activity, likely leading to more
dust deposition on the nearby PV strings. Similar to zones A and I, wind may also carry this
dust across the zone, increasing soiling levels around these PV strings. On the right side of the
zone, where most of the strings are located, the soiling loss is low. This suggests that there is
less human traffic and dust movement in that part of the zone, except during manual cleaning
activities. Again, there is a road running along the left side of zone D. Strings close to this road
tend to show higher soiling levels, likely due to a mix of vehicle movement, wind-blown dust,
and dried-up soil. Altogether, the soiling in zone D has a distinct non-uniform pattern, similar
to what was seen in zones A and I. But when comparing the overall Sg,, values across all three
zones, zone | experienced the highest level of soiling loss.
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Figure 5.13: Soiling map of zone D displaying the distribution of the strings in-terms of the
weighted Sgys. for approximately three months of study. Each rectangular box is a PV string,
with the larger box being a string of 60 modules. The smaller boxes adjacent to each other are

strings each having 30 modules. They are connected to form one string.

These soiling maps can be a useful tool for the O&M team to determine the areas of
the plant that need more frequent cleaning. This targeted approach can help improve overall
plant performance and boost energy generation. As also noted by Micheli et al. [27], it’s more
effective to focus on cleaning the heavily soiled strings more often, rather than cleaning all

strings equally, especially when dealing with non-uniform soiling.
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5.2 Optimised PV Cleaning Methodology based on Non-

Uniform Soiling

As discussed earlier in Chapter [2] dust deposition on PV modules not only reduces energy
generation but can also cause long-term damage, especially when the dust is unevenly spread
across modules or strings [33]. Non-uniform soiling can lead to temperature differences be-
tween clean and dirty cells, which increases the risk of hotspots and speeds up the aging of
the modules [35]. Over time, this may also lead to permanent stains that can’t be cleaned, fur-
ther lowering the power output [36]. These effects are more serious in large PV plants where
some areas get dirtier than others due to wind, road dust, or accessibility issues. To address
this, this section presents a cleaning strategy that is tailored to the actual soiling conditions
across the plant. Using the non-uniform soiling information from the zones A, D and 1, in site
D, an optimised PV cleaning strategy was developed to improve PV performance and mitigate

non-uniform soiling.

5.2.1 Assessing Soiling Levels on PV Strings by Removing the Impact of

Manual Cleaning

To evaluate the extent of soiling on each PV string, a cleaning-based analysis was carried out
using four different performance thresholds: 95%, 90%, 85%, and 80% of the initial daily
T.orPR. By evaluating the revenue recovered by cleaning the strings based on these thresholds,
the profit for optimised cleaning was determined. The idea behind this approach is to help the
plant’s O&M team assess when and where to clean based on the extent of soiling. According to

the plant operators, all strings in each zone were being cleaned once every month.

Before applying the cleaning thresholds, it was important to first understand how much
each string had been affected by soiling. To do this, the effect of manual cleaning was removed
from the daily T,,,PR time-series data for all strings across the three zones. By removing the
improvement in the daily T, PR point caused by cleaning, it was possible to analyse the extent
of soiling on each string and hence study the soiling non-uniformity across the three zones. To

remove the effect of manual cleaning, the following approach was used:

* The weighted Sg.. calculated from each daily T,,,PR profile was used for this.

 Starting from the first available daily T,,,PR value, the profile was gradually decreased
using the weighted Sgy. value from the first SI.

* Each time a manual cleaning occurred, the daily T, PR profile was allowed to decline
using the weighted Sg. from the next SI.

 This process continued until the last point in the T,,,PR time-series.
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Figure 5.14: Time-series daily T,,,PR plot of the string (represented by ‘x’ symbol), shown pre-
viously in figure after removing the manual CEs by following the methodology described

in Section @

Figure [5.14] shows the daily T.,-PR soiling profile after removing the impact of manual
cleanings of the string in zone I, whose daily T., PR time-series data is shown in figure
The T,,PR values steadily declined over time, following the Sgy. of each SI highlighted in
figure The full profile is made up of three such intervals. While these intervals might
look similar, especially the first two, their slopes are different because their decline relies on the
Srate Value specific to each SI. It’s important to understand that in this model, dust is assumed to
build up at a constant rate (equal to the Sg,. of that interval) until the next cleaning. Using this
simplified linear model made it easier to study soiling patterns and design cleaning strategies in

a time-efficient manner. A similar approach was also followed in a study by Micheli et al. [[121].

5.2.2 Scheduling String Cleaning based on PV Performance Threshold

Criteria

After removing the effects of manual cleaning, modeled cleanings were applied to each string
across all three zones using the four different thresholds: 95%, 90%, 85%, and 80% of the initial
daily T.,PR. For example, under the 95% threshold, whenever the daily T.,,PR dropped below
95% of its initial value, the algorithm marked a cleaning and restored the T,,,PR to a reference
value of 1 - DC_,p,, where DC;, represents the cabling loss for that particular string on that day.
This restored point then became the new reference, and the algorithm continued checking for the
next drop below 95% of the updated value, repeating the process until the last data point. This
same method was used for the other three thresholds as well. Previously researchers introduced
modeled cleanings by resetting the T, PR back to 1 [28|126,127]]. However in large-scale
PV plants, strings often operate slightly below their ideal Maximum Power Point (MPP) due
to varying cabling losses across different SMBs [146,/147]. Hence, restoring the T,,PR to /1 -
DC,,, provides a more realistic estimate of system performance after cleaning.

In this PV plant, each zone is equipped with SMBs that measure the current of each string

and provide one common voltage reading, likely representing the common operating voltage
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for all strings connected to that particular SMB. Additionally, the central inverter records the
overall DC-side voltage. Using this information, the DC cabling loss (DC_cab) was estimated

using the equations given below.

Instantaneous DCeap, = Istring X (Vs — Viny) (5.2)
. Instantaneous DC_,p,
N lised Instant DC.p = 5.3
ormalised Instantaneous DC_,p Modeled DC power (5.3)
Daily DC,;, = Median [Normalised DCeqp]7g ant (5.4)

Where, Is;ring, Vsmp, and Vyyy represent the instantaneous string current, SMB voltage (to
which the string is connected), and inverter voltage to which the SMB is connected. Modeled
DC power for the string under analysis was evaluated using equation[3.2] Once the daily DC,,,
was calculated using equations to it was subtracted from 1 on days when modeled
cleanings were applied under a specific threshold. This step therefore accounted for the cabling
losses, which prevent the daily T.,PR from reaching an ideal value of 1, even after the string
is cleaned. However, this method has a limitation. It doesn’t compare the voltages of a string
to that of the SMB to which the string is connected, because the time-series string-level voltage
data wasn’t available. As a result, the estimate of the cabling losses may not be fully accurate.
Despite this limitation, this approach still gives a more realistic understanding of how the system
performs under real-world conditions, especially in large-scale PV plants. As shown in figure
[5.15] the DC cabling losses for the SMB: ICR1-INV2-SMBI10 (to which the time-series daily
T.orPR of the string shown in figure is connected) were found to range from 0% to 3%,

which acted as a consistent offset.

Although these values may seem small, they are still noteworthy in the context of PV
system efficiency. Interestingly, the time-series daily T,,PR for the string in zone I (Figure
shows a similar trend to that of the cabling losses associated with it. After the manual
cleaning event in the third week of January 2023, when the string’s daily T.,-PR improved,
indicating that the current of the string increased, the cabling losses of the string as shown in
figure [5.15] also increased. This observation further supports the significance of cabling losses
in PV system performance evaluations and highlights how these can act as a consistent offset,
preventing the daily T.,PR from reaching 1 even after cleaning.
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Figure 5.15: Time-series plot of the daily DC cabling loss for PV string connected to the SMB:
ICR1-INV2-SMBI10 in zone I.

As explained earlier, under the 95% cleaning threshold, a string is scheduled for cleaning
when its daily T,PR drops below 95% of its initial value. The same rule applies for the other
three thresholds - 90%, 85%, and 80%. To determine how many cleanings per string are needed
in approximately three months, zone I of site D was chosen, because this zone showed the
highest variation in soiling among the three. This is shown in figure[5.16| for the strings in zone
I for the 95% cleaning threshold. The number of cleanings required for every string is linked
to the soiling map of zone I shown previously in figure [5.8] In figure [5.16] each small box
represents a PV string in zone I, and the number inside the box tells how many cleanings that
string would need over the analysis period. For example, if a string has the number ‘6’, it means

it needs to be cleaned six times (in approximately three months) to keep its daily T.,PR from

dropping below 95%.
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Figure 5.16: Number of cleanings required by the PV strings in zone I, obtained using the 95%
cleaning threshold. The cleaning frequency for each string is indicated inside the rectangular
box and is highlighted by the corresponding edge and text colours for better visualization.
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Figure [5.16] indicates how the number of cleanings vary across the zone, depending on
the soiling level. In other words, it captures the non-uniformity of soiling across the area. As
already discussed in section some strings located in the upper-right part of zone I showed
unusually low soiling. This was likely due to data logging errors in the SMB to which they were

connected. Because of this, these strings were excluded from the cleaning analysis, and is also
reflected in figure[5.16

Strings that were soiled more needed to be cleaned more often, which is visible from their
higher cleaning numbers in the figure. Strings on the left side of the zone had less soiling and
required fewer cleanings. Interestingly, two strings didn’t require any cleaning, as their daily
T.orPR never dropped below the 95% threshold. These are indicated by ‘0’ in figure
Therefore adopting this approach can improve the PV generation of every individual string, and

can help the plant’s O&M team to focus their cleaning efforts where they are needed the most.

Next, the revenue generated due to cleaning the PV strings systematically as per a cleaning
threshold was evaluated. This was done by comparing two scenarios:

* Revenue with cleaning (R.): When the PV system is cleaned n times during the study
period.
* Revenue without cleaning (R,): When the system is not cleaned.

The difference between these two values gives the additional revenue earned because of
cleaning. R, and R, are given by the equations [5.5/and[5.6] described below.

T

Ry = Niny X Zp X PRpon 7-0¢ X E; (5.5)
t=1
T

Re = Ny X ZP X PRpon T-nt X E; (5.6)

=1

Where, p is the selling price of solar electricity and was taken as INR 3.1 per kWh (as
informed by the plant O&M team). Inverter efficiency (1);,,) was taken as 95%. PR,,nz—0, and
PRyont—n; are the daily non-temperature-corrected PR values without any cleaning and with
n cleanings, respectively. T represents the total number of days in the study period. E; is the

soiling-free daily energy on day t, following the method described by Micheli et al. [27], and is
given by equation

b Y3 oW x Ah
" PRuont—ay

5.7

The soiling-free energy (E;) was calculated using the measured DC power for each string
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(W,,,) recorded by the SMB, with a time resolution of 1 hour (Ah = 1 hour), and the actual daily
PR (PRyont—a;)- Therefore, the revenue impact due to cleaning a PV string n times is given by

the following equation:

p X E, % (PRnonT—n,t _PRnon‘L'fO,t) (58)

T
Revenue Impact = 0.95 x

=1

According to the plant’s O&M team, the surface cleaning cost per cleaning for each PV
module is INR 1.2. Since each string in site D has 60 modules, the cleaning cost per string
comes to INR 72. So, for any string that required n cleanings based on a chosen threshold, the
total cleaning cost was given by INR 72 x n. This cost was then subtracted from the impact in

revenue to estimate the cleaning profit for each string under each cleaning threshold.

Figure shows the cleaning profit for each string in zone I when using the 95% cleaning
threshold. In this case, a string was cleaned whenever its daily T, PR dropped below 95% of
its initial value. In figure [5.17] it can be seen that there are two empty boxes, having no colour.
These represent two strings for the complete period of analysis that didn’t need any cleaning
using this threshold, and were marked as ‘0’ in figure [5.16] This is because they experienced
less soiling compared to the others, and as mentioned earlier, their daily T,,PR values never
dropped below the 95% threshold mark. The strings along the edge of the unpaved road towards
the right of the zone, experienced most soiling (Figure[5.8)), and hence, cleaning these generated

higher cleaning profits compared to the less soiled ones, located on the left side of the zone.
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Figure 5.17: Profit made by the O&M team after cleaning strings of zone I as per the 95%
cleaning threshold. Two empty boxes in the map show the two strings that don’t require cleaning
for the complete period of analysis.
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Similarly, figure [5.18| shows the cleaning profit map when the cleaning threshold is 90%.
With this threshold, more boxes are left vacant, highlighting more number of PV strings didn’t
need to be cleaned. The level of soiling on these strings were such that their daily T,,PR never
fell below 90% of the initial T,,,PR during the whole study period. As the cleaning threshold
further decreased to the 85% and 80% (shown in figures [5.19and [5.20)), the number of strings
needing further reduced.
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Figure 5.18: Profit made by the O&M team after cleaning strings of zone I as per the 90%

cleaning threshold. Two empty boxes in the map show the two strings that don’t require cleaning

for the complete period of analysis.

Across all the four cleaning thresholds, it can be observed that the strings located near
the unpaved road on the right side of the zone, where soiling was the highest, consistently
required cleaning. Another important point is that as the cleaning threshold decreased, the
overall cleaning profit also dropped. This trend is reflected in the upper limits of the colour bars
in figures to[5.20] Lower thresholds meant that fewer cleanings were triggered, leading to
smaller gains in recovered energy and, therefore, lower economic returns.

Overall, this analysis indicates that cleaning only the heavily soiled strings is more cost-
effective than cleaning the entire zone. Similar findings were also reported by Micheli et al. [27]
in their earlier work. This string-specific cleaning method along with the soiling map of zone
I (Figure [5.§), can help the plant O&M team identify areas within the plant that are prone to
heavy soiling. It also helps the O&M team understand the potential cleaning profits associated
with each threshold level for a particular PV string.

While string-level cleaning can be very effective, applying it to a large utility-scale plant
with many zones, similar to site D, can be challenging. As the rate of dust deposition on
different PV strings are different within the same zone, it would become difficult for the O&M

team to plan cleanings efficiently. This is because as mentioned previously, different strings
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Figure 5.19: Profit made by the O&M team after cleaning strings of zone I as per the 85%
cleaning threshold. Two empty boxes in the map show the two strings that don’t require cleaning
for the complete period of analysis.
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Figure 5.20: Profit made by the O&M team after cleaning strings of zone I as per the 80%

cleaning threshold. Two empty boxes in the map show the two strings that don’t require cleaning

for the complete period of analysis.

would require cleaning on different days, based on their soiling level. To overcome this, a
zone-optimised cleaning strategy was developed, explained in the next section. In this method,
cleaning days of all the strings were aligned with that of the highest soiled string in that zone.
This means that the cleaning days for the strings were chosen on a combination of days on
which the highest soiled string needed cleaning. This analysis, like previously, is focused on

zone I, since it showed the highest non-uniform soiling among the three zones studied.
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5.2.3 Zone-optimized cleaning methodology

This method simplifies the operational challenges of cleaning PV strings based on the four
cleaning thresholds by considering the entire zone as a single unit. In this approach, all strings
in a zone are cleaned together, even if some do not require cleaning. This begins by identifying
the string with the highest soiling, determined using a particular cleaning threshold. Once this
string is identified, the total number of required cleanings and their corresponding days are

recorded.
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Figure 5.21: Actual daily T,,,PR profiles of all the PV strings in zone I (orange dots). The blue
vertical lines indicate the modeled cleaning events (on 7" January, 14" January, 23"¢ January,
4'h February, 15" February, 25" February and 9" March 2023, respectively) when the highest

soiled string is cleaned as per the 95% cleaning threshold.

For instance, in figure [5.16] under the 95% cleaning threshold, the most soiled string in
zone I required a total of seven cleanings during the study period. These cleanings occurred on
days 7, 14, 23, 35, 46, 56, and 68. Figure shows the daily T,,,PR profiles for all strings
in zone I. On a careful observation, it can be seen that majority of the strings, including the
most soiled one, experienced heavy soiling during the first three weeks of January 2023. This
is reflected in the steep decline in daily T,,,PR during that period, leading to three of the seven

cleanings being scheduled within these weeks.

Under the zone-optimised cleaning method, strings that required fewer cleanings than the
most soiled string were cleaned on a subset of the seven days assigned to the latter. For instance,
a string requiring six cleanings was cleaned on six out of the seven cleaning days. The specific
days were selected to maximise the cleaning profit. In this case, it was found that cleaning on
days 14, 23, 35, 46, 56, and 68 yielded the highest profit for all such strings. This was extended
to strings requiring five or fewer cleanings. Interestingly, strings that required only one cleaning
showed the highest profit when cleaned on day 23. This aligns with the observation that even
the less soiled strings experienced the greatest soiling during early January 2023, similar to the

highly soiled ones.

Finally, the strings that did not require cleaning when cleaned individually based on a fixed

threshold were also cleaned on the same days as those requiring one cleaning. The cleaning
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Table 5.1: Cleaning days allocated for strings requiring seven or fewer cleanings as per the 95%
zone-optimised technique in zone I.

Strings requiring  Cleaning day number

7 cleanings 7, 14, 23, 35, 46, 56,
68

6 cleanings 14, 23, 35, 46, 56, 68

5 cleanings 14, 23, 35, 46, 56

4 cleanings 14, 23, 35, 46

3 cleanings 14, 23, 35

2 cleanings 23,35

1 cleaning 23

no cleaning 23

days for all strings needing seven or fewer cleanings under the 95% zone-optimised method is
summarised in Table[5.11

Thereafter, the zone-optimised cleaning profit for zone I, using the 95% cleaning thresh-
old, was calculated by subtracting the total cleaning cost of the PV arrays from the revenue
gains, as per equation [5.8] In parallel, the actual profit made by the O&M team based on the
cleaning logs during the study period was also computed. These two approaches are compared
in figure[5.22] where figure[5.22a) shows the profit distribution using the logged cleaning data,
and figure[5.22(b) shows the profit using the 95% zone-optimised cleaning strategy.
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Figure 5.22: Profit made by the PV plant O&M team after cleaning strings of zone I according

to the (a) logged cleaning (b) 95% zone-optimized cleaning methodology.

From both the figures, it is evident that strings with higher soiling losses lead to signifi-
cantly greater profits when cleaned. However, some strings towards the left side of zone I show
relatively higher profits in figure [5.22(a) compared to figure [5.22b), revealed by the darker

84



colour of the colour bar. This arises because of the difference in cleaning strategies. Under
the logged cleaning approach, each string was cleaned once per month irrespective of the level
of soiling. In contrast, the zone-optimised method prioritised cleaning frequency based on the
severity of soiling, where heavily soiled strings were cleaned more frequently, while those with
minimal soiling were cleaned less frequently. As a result, strings with lower soiling generated

less revenue and profit under the zone-optimised method, resulting in darker shades seen in
figure[5.22(a).

To further assess these, where the total cleaning profits for all the strings in zone I using
four zone-optimised cleaning thresholds (95%, 90%, 85%, and 80%) against the profit from the
logged cleaning (represented by the yellow bars) is compared and shown in figure The
logged cleaning resulted in slightly higher total profit than the 95% threshold. As previously
noted, each string in zone I was cleaned twice during the study period under the logged cleaning
approach. On the other hand, under the threshold-based cleaning, heavily soiled strings required
more frequent cleanings (thus incurring higher costs), while less-soiled strings were cleaned less
often. The lowest profit was recorded under the 80% threshold. This highlights the importance
of the optimized cleaning approach, where strings experiencing higher soiling required more
frequent cleaning.

& 500000 All strings
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Figure 5.23: Zone-optimized cleaning profit (in INR) comparison of zone I for all the four
cleaning thresholds versus the actual profit as per the O&M logged cleanings. Yellow bars
indicate the profit generated for all strings in zone I, and blue bars indicate the profit generated
for highly soiled strings in zone I (soiling rate < -0.25 %/day).

The blue bars in figure [5.23]indicates the cleaning profits of those strings in zone I which
experienced high soiling losses (greater than -0.25% daily T,PR drop per day). As these blue
bars represent a subset of the zone, they are smaller than the total profit values represented by
the yellow bars. Interestingly, for these highly soiled strings, the 95% cleaning threshold yielded
a higher profit than the logged cleaning. This is because these strings required more than two
cleanings under the 95% strategy, thereby generating greater revenue and profit. Because of
similar reasons, the profit generated by the 90% threshold is nearly equivalent to the logged
cleaning profit.
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Evaluating the cleaning profits of these highly soiled strings is vital, as these strings ex-
perience the greatest performance degradation. Systematic cleaning of such strings can mit-
igate risks related to non-uniform PV soiling like hot spots and uneven module degradation,
thereby enhanced long term energy yield. Therefore, while the logged cleaning approach pro-
duces slightly higher profit, the 95% zone-optimised cleaning offers a more strategic, long term
performance-oriented solution. It is worth noting that in PV plants where the difference in soil-
ing levels between the most and least-soiled strings is greater than what was observed for site

D, the zone-optimised cleaning approach may yield even higher cleaning profits.

5.3 Alternate Cleaning Methodology

As observed from the blue bars in figure the cleaning profit for the highly soiled strings
under the 95% threshold-based cleaning is higher than that achieved through logged cleaning.
However, this optimisation strategy is less effective for strings experiencing low soiling rates.
Consequently, the total cleaning profit across all strings in zone I for each of the four thresholds
is lower than the profit obtained through logged cleaning (yellow bars in figure[5.23)). To address
this limitation and improve overall profitability, a simplified alternative cleaning methodology
is proposed.

The logged cleaning dates for strings in different zones, primarily zone I, were compiled
and are presented in Table [5.2 In January 2022, four distinct cleaning dates can be seen.
However, this does not imply that each string was cleaned four times in that month. Rather,
some strings were cleaned on January 8 and 9", while others were cleaned on January 16"
and 18", most likely due to labour availability and scheduling constraints. This pattern of
staggered cleanings is visible across most months, with April 2022 being an exception, when
all strings were cleaned on the same day. Overall, it was found that each string in zone I was
cleaned approximately once per month.

Because of this reason, fixed-date cleaning schedules were proposed, which is as follows:

* Once per month: Cleaning is performed in the middle of each month, resulting in three
cleanings over the study period.

+ Twice per month: Cleaning is carried out on the 7' and 24" of each month, leading to
a total of five cleanings.

* Thrice per month: Cleaning takes place on the 7/, 16!, and 24'" of each month, leading
to a total of eight cleanings.

The resultant cleaning profit from these three scenarios were compared with one another
and also with the logged cleaning method. The results, presented in figure [5.24] show that
the cleaning profits from both the twice-a-month and thrice-a-month cleaning methods exceed
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Table 5.2: Logged cleaning dates for PV strings in zone I, as informed by the plant O&M team

Year  Month Cleaning Dates

2022  January 8,9, 16,18

February 13, 18
March 19, 20
April 30
September 20, 21
October 26, 27, 28
November 26, 27, 28
December 23,29

2023  January 19, 20, 21
February 24, 25, 26
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Figure 5.24: Comparison of the total cleaning profit (in INR) of 1 cleaning (1C), 2 cleanings
(2C), and 3 cleanings (3C) per month against the logged cleaning profit for zone 1.

those from the logged cleaning method. Interestingly, the profit from the once-a-month method
is nearly equal to that of the logged cleaning method, with the latter slightly higher than the for-
mer. This is likely because the total number of cleanings under the fixed once-a-month schedule
slightly exceeds those under the logged strategy, increasing the cleaning cost and thereby re-
ducing the net cleaning profit. This proposed methodology, while simple, introduces a more

consistent cleaning schedule unlike the irregular cleaning patterns observed in the logged data.
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5.4 Sensitivity of Cleaning Profit on Solar Electricity Tariff
and Labour Cost

It is important to understand how changes in solar PV electricity tariffs and cleaning costs can
affect the overall soiling mitigation profitability of a PV plant. While an increase in electricity
tariff can improve revenue from energy generation, higher labour costs may increase mainte-
nance cost. Together, these factors influence the balance between how often the plant should
be cleaned and the profits it can generate. This section examines how these economic factors

impact cleaning strategies and the resulting profitability.

As of April 2023, the tariff that the solar PV plants received for supplying electricity to
utilities, such as the distribution companies (DISCOMs), ranged between INR 2.55 and INR
2.56 per kilowatt-hour (kWh) [128]. These rates are usually set through Power Purchase Agree-
ments (PPAs) and reflect the price at which solar electricity is sold. However, future estimates
suggest that this tariff could decline further, possibly reaching as low as INR 1.9/kWh [129].
Another study used a higher electricity price of USD 0.074/kWh (around INR 6/kWh) for its
analysis [130]. Taking these values into account, a sensitivity analysis was performed by vary-
ing the solar electricity tariff from 0 to INR 3.5/kWh to understand its impact on the cleaning
profits.

Yadav et al. [130] reported that the total labour cost for cleaning a rooftop PV system
with 20 modules was about USD 2.19, which translates to approximately INR 8.5 per module.
Another report of May 2023 [[131] noted that water-based cleaning methods generally cost be-
tween USD 0.03 and 0.05 per square foot of panel area, or roughly INR 50-90 per solar panel.
In comparison, the cleaning cost at the utility-scale PV plant (site D) examined in this thesis
was INR 1.2 per module. Based on these, three representative labour cost scenarios were con-
sidered for analysis: INR 1, INR 5, and INR 10 per module. Although INR 5 and INR 10 per
module may be high for a utility-scale PV plant, these could be realistic for rooftop systems
or for anticipating future cost increases in a growing economy, enabling to assess how varying

labour costs, together with changing electricity tariffs, influence overall cleaning profitability.

A sensitivity analysis was carried out for the 95% zone-optimized cleaning, 85% zone-
optimized cleaning, and the logged cleaning method. Figure[5.25|shows how the cleaning profit
changes with varying solar PV electricity tariffs for these three cleaning methods. In the figure,
three line styles are used to represent different labour costs: dashed lines indicate a cost of INR
1 per module, solid lines represent INR 5 per module, and dotted lines indicate INR 10 per
module. Each line style appears in three colours—blue, green, and red, corresponding to the
three cleaning strategies. As shown in the plot, for each labour cost value, the cleaning profit
increases with rising electricity tariffs. This is because higher tariffs lead to greater revenue

from each unit of cleaned solar generation.
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Figure 5.25: Variation of solar PV electricity tariffs (0 — 3.5 INR/kWh) and labour costs (INR =
1, INR =5, and INR = 10) to study their impact on the optimized cleaning profit for three clean-
ing methods (95% zone-optimized, 85% zone-optimized and logged cleanings). The three black
vertical lines represent the crossover electricity price points (0.15 INR/kWh, 0.65 INR/kWh and
1.25 INR/kWh) at which the logged cleaning profit exceeds the profit of 85% zone-optimized
cleaning for each of the three labour costs. The green-shaded region highlights the present PV
electricity tariff in India [132], and the pink shaded region highlights the projected PV electric-
ity tariffs in India by 2030 [[129]]

The three black vertical lines in figure [5.25| represent the electricity tariff values 0.15 IN-
R/kWh, 0.65 INR/kWh, and 1.25 INR/kWh, where the profit from logged cleaning becomes
higher than the profit from the 85% zone-optimized cleaning for each of the three labour cost
scenarios. Interestingly, as labour costs increase, these crossover points shift to higher electric-
ity tariff levels. This trend can be understood by looking at figures[5.26(a) and [5.26(b), which
show that the 85% threshold cleaning method involves fewer cleanings than both the logged and
95% threshold methods. This therefore implies that while the 85% method has lower cleaning
costs, it also generates less revenue due to fewer cleanings. When the labour cost increases, the
overall cost of cleaning rises for all methods. As a result, the logged cleaning method needs
even higher electricity prices to become more profitable than the 85% zone-optimised cleaning
method. Additionally, for any given labour cost, increasing electricity tariffs lead to higher rev-
enue and, therefore, higher optimized profits. This is why the crossover points occur at higher
cleaning profit values.

As shown in figure [5.25] the current solar PV electricity tariff in India typically falls be-
tween INR 2.5/kWh and INR 2.7/kWh [132]], which also includes the values mentioned earlier
in ref. [128] and is marked by the green-shaded region in the plot. Looking ahead, projections
suggest that this tariff may decline further to around INR 1.9/kWh by 2030, with an expected
range between INR 1.9/kWh and INR 2.3/kWh [129]], shown as the pink-shaded region. At the
same time, labour costs in India are anticipated to rise by 2025 [[133]. When considering these
factors like the growing share of solar PV in global electricity markets [134], the decreasing

costs of solar electricity tariff [135]], and increasing labour expenses, the 85% cleaning thresh-
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old emerges as an economical option for this particular PV plant.

5.5 Summary

This chapter focused on analysing non-uniform soiling across a utility-scale PV plant (site D),
which is divided into several distinct zones. Understanding and addressing this spatial variation
in soiling is critical not only for improving power generation but also for maintaining the plant
health.

Three zones of varying capacities were selected for detailed study. Using string-level
SCADA data, the spatial distribution of soiling across these zones was mapped through a
weighted soiling rate formula, defined in equation[5.1] These soiling maps can guide the plant
O&M team to identify which areas of the plant would benefit most from more frequent clean-
ing. In line with the suggestions from Micheli et al. [27], the findings of this chapter support
a more selective and targeted cleaning approach, where highly soiled strings would have to be
prioritised over uniform cleaning of all strings, an approach that was not being followed at the

site.

Building on this, the chapter introduced a cleaning strategy based on four fixed PV per-
formance thresholds. The results showed that strings with high soiling rates generated greater
profits when cleaned according to these thresholds. Interestingly, some strings did not require
cleaning at all under this method, which was reflected by the non-coloured boxes in figures
5.17to[5.20, Importantly, the analysis also considered DC cabling losses, which can prevent
strings to operate away from their MPP. Incorporating this factor allowed for a more realistic

estimation of the profit from threshold-based cleaning.

However, cleaning individual strings based on their specific soiling level is not a prac-
tical solution for large-scale PV plants due to the logistical complexity of cleaning different

strings on different days. To address this, the chapter proposed a novel zone-optimised cleaning
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methodology. In this approach, each zone is treated as a single unit, where cleaning schedules
are aligned with the string that experienced the highest soiling. Other strings in the same zone
would be cleaned on a combination of days of cleaning the most soiled string in the zone. The
results showed that while the 95% zone-optimised cleaning method generated slightly lower
profits compared to the logged cleaning followed by the plant team, it offered the significant
advantage of addressing soiling non-uniformity, which the cleaning strategy followed in the
power plant did not consider. Moreover, the profit generated was comparable to the logged

cleaning.

Recognising that the plant’s current cleaning practices were largely based on available
manpower and logistical convenience, the chapter also proposed fixed cleaning schedules as an

alternative. This shift to structured cleaning generated higher profits over the logged cleaning.

A detailed sensitivity analysis was done to understand how variations in electricity tariffs
and labour costs influence the profitability of different cleaning strategies. The findings revealed
that under current and projected economic conditions, particularly lower electricity tariffs and
rising labour costs, the 85% cleaning threshold emerged as the most cost-effective approach.
This result aligns with trends in India, where solar PV tariffs are expected to decrease and

labour costs to increase in the coming years.

It is also important to note that the non-uniform soiling analysis in this chapter covers a
relatively short timeframe, roughly three months, corresponding to the season of peak dust ac-
cumulation at the site. While this period offers a strong representation of soiling patterns, future
work aims at examining longer durations and seasonal variations to validate the performance of

the proposed cleaning thresholds across different times of the year.

Given the high levels of soiling observed in countries like India, the issue of non-uniform
soiling is likely to become increasingly important. This chapter contributes valuable insights
by demonstrating how string-level SCADA data and zone-level cleaning strategies can be used
to identify non-uniform soiling and prioritise cleaning for the most affected areas. By adopting
targeted approaches, PV plant operators can make more efficient use of their resources, improve
energy output, enhance overall profitability, and improve long term health of PV power plants.
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Chapter 6

An Automated PV Cleaning Event
Detection Framework for Enhanced and
Accurate Soiling Loss Extraction

In chapter [} data filtering techniques were introduced to help remove outliers and isolate
the underlying soiling signal in the PV performance time-series data. These filters were used
in chapter [5] to assess non-uniform soiling losses across a utility-scale PV plant (site D) and to
design optimised cleaning schedules aimed at addressing this non-uniformity. A key aspect in
both chapters was the accurate identification of PV Cleaning Events (CEs), which play a crucial
role in evaluating accurate soiling-related information. As discussed earlier, PV CEs refer to
instances where the PV system undergoes cleaning, either through rainfall, wind-assisted partial
cleaning, or manual intervention, leading to an improvement in the daily T.,,PR. The SRR
model described in chapter 2] section utilises an algorithm for CE detection based on two
key parameters: the moving median window length and an « threshold. The model fixed these
to 14 days and 1.5, respectively.

However, findings in chapter 4] showed that using these default values failed to detect true
CEs, due to the presence of noise and random fluctuations in the data. Since no soiling sen-
sors were installed at the study sites to act as a reference, these parameters had to be manually
adjusted for the sites analysed through visual inspection, a process that was time-consuming.
In large utility-scale PV plants comprising a large number of strings, manually tuning these

two parameters for each string becomes impractical. In the era of terawatt-scale solar deploy-
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ment [136], enabling timely and accurate decision-making requires a faster and more scalable
approach. Therefore, this chapter introduces an automated framework for accurately detecting
PV CEs, designed to be applicable across large-scale PV plants with multiple strings. This
framework aims to significantly reduce the time and effort involved while improving the accu-

racy of soiling loss estimation.

In addition, a number of rooftop PV systems: sites E, F, and G (described in chapter [3)),
were also included to test the automated PV CE detection framework. These sites did not have
on-site weather monitoring stations, and therefore, satellite-based weather data from Solcast
was used as an alternative [105]]. This allowed the algorithm to be validated for rooftop PV
systems, where ground-based meteorological data may not be available. This holds promise
for enabling consumers to track soiling-related losses in rooftop installations, which are rapidly

expanding across India under programs like the PM Surya Ghar Yojana initiative [[137].

6.1 Extending and Validating the Soiling Extraction Method-
ology for Rooftop PV Systems

Before developing and applying the automated CE detection algorithm, it was important to
further validate the soiling loss extraction methodology by examining their performance on
rooftop PV systems. Three such residential rooftop systems: sites E, F, and G were used. As
is common for small-scale systems, these sites do not have on-site weather monitoring stations,
which are typically expensive and more suited to larger PV plants. Therefore, satellite-based
weather data from Solcast [[105] was used to estimate irradiance and temperature values needed

for calculating the daily T,,,PR.

Solcast provides high-resolution data (upto 5-minute intervals) by tracking cloud move-
ment using proprietary algorithms. Here, no shadow-filtering algorithm was applied. Instead,
only the modified Hampel filter, described in chapter [, was used to remove outliers from the
data.

To test the reliability of Solcast data for soiling detection, it was first applied to site A. This
is because, this test site is small and have well-maintained measurements. This allowed a fair
comparison between Solcast-based and on-site weather data. As before, CEs here were detected
by manually adjusting the moving median window length and ¢ parameters. Following this, the
weighted Sgqes for each soiling interval trend estimated by the FBP algorithm were calculated.
The daily T,,PR time series data, along with the manually detected CEs and the fitted soiling
trends (represented by the black solid lines), are shown in figures|[6.1[(a) and [6.1(b) using on-site

and Solcast’s data, respectively.

As shown in figure [6.1(b), the use of Solcast data during the rainy season led to increased
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Figure 6.1: Time-series plot of daily T,,PR of site A obtained using (a) ground-based irradi-

ance data and (b)irradiance data from Solcast. As before, the original points indicate the data

points before removing noise; filtered points refer to those after filtering out the noise. Dashed

vertical lines indicate the detected cleaning events, and black lines are the soiling profile ob-

tained using the FBP algorithm. SI represents the Soiling Interval.

noise in the daily T,,,PR values, resulting in the detection of several false cleanings. In contrast,
figure[6.1|(a), which uses on-site weather data, shows a relatively stable T,,,PR close to 1 during
the same period, indicating that the PV system remained clean. One possible reason for this
is the resolution at which Solcast forecasts cloud cover, approximately 2 km. While this is
generally suitable for large-scale patterns, it may not always capture rapid or localized changes
in cloud movement at the exact site. These missed fluctuations affected irradiance estimates
and, in turn, lead to errors in the PV performance calculations, making the data appear noisy
and less reliable for detecting true cleanings.

To explore this further, the measured on-site irradiance data were compared with the
Solcast-estimated irradiance during both the rainy and dry seasons. Figures [6.2a) and [6.2{b)
show the time-series plots for August 2015 (monsoon season) and December 2016 (dry sea-
son), respectively. During the rainy season, it is evident that Solcast’s forecasts did not fully
capture the rapid fluctuations in solar irradiance caused by fast-moving clouds. The variations
in Solcast’s data did not align closely with those in the ground-based measurements, which
were more consistent with the measured PV power output. This mismatch led to generation
of noise in the daily T,,,PR profile during the rainy season data. In contrast, during the dry
season, when the skies were mostly clear, the irradiance profiles from both Solcast and on-site
measurements showed good agreement. As a result, both datasets captured the expected decline
in daily T,,PR due to dust accumulation, as reflected in figures [6.1(a) and [6.1(b).
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Figure 6.2: Time-series plot of ground measured and Solcast irradiance data during (a) rainy
season (August 2015) and (b) dry season (December 2016).

Following this, the soiling rates during the dry periods, where a continuous decrease in
daily T.,-PR was observed in both time-series profiles in figure [6.1} marked by the numbers
SI'1 to SIS in the figure, were compared. These comparisons are presented in Table [6.1} As
shown, the soiling rate values for intervals 2, 3, and 5 in figure [6.1](a) closely align with those
in figure [6.1|(b), suggesting a good agreement between the two datasets during these periods.
Soiling rate values for the remaining intervals, as estimated using Solcast irradiance data, were
not included in the table due to excessive noise in the daily T.,PR time series during those

intervals.

Table 6.1: Soiling rates of soiling profiles estimated using the FBP algorithm during the dry
season for the Daily T,,PR time-series profile of figures @a) and @b).

Soiling Interval (SI)  Sgye [On-site data] Sgge [Solcast data]

(%/day) (%/day)
1 -0.371 -0.252
2 -0.321 -0.356
3 0.414 -0.440
4 -0.323 -0.131
5 -0.332 -0.297

This comparison indicates that Solcast’s forecasted solar irradiance data can be effectively

used for PV soiling analysis, particularly for estimating parameters such as soiling rate during
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dry, clear-sky periods. However, during the rainy season, Solcast’s forecasts may not adequately
capture rapid, localized cloud movements, which introduces noise and makes the resulting daily
T.orPR data less reliable.
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Figure 6.3: Time-series daily T.,PR with detected CEs of sites (a) E, (b) F and (c) G. Solcast’s
irradiance data was used to evaluate the daily Original T.,PR, as these sites didn’t have access

to on-site irradiance measurements.

Following this, SCADA data from sites E, F, and G were analysed using satellite-based
weather data from Solcast to derive the daily T.,PR time-series. Figures [6.3(a), [6.3(b), and
[6.3((c) present the daily T.,PR profiles for these rooftop systems, along with the detected CEs.

As shown in these figures, clear soiling patterns were observed during dry periods across
all three sites. The algorithm was able to detect sharp increases in the T,,,PR, indicative of
rainfall or manual cleaning, highlighting its effectiveness in identifying CEs. The correspond-
ing moving median window lengths and o values used for each site, selected through manual

tuning, are summarized in Table [6.2]

Table 6.2: Details of moving median length (in days) and o parameters used to determine
accurate CEs for sites E, F and G, which had no on-site irradiance measurement.

Site  Moving Median Window Length «

(days)
E 9 5
F 7 5
G 7 2.5

Sites E and F were later used to test the automated CE detection algorithm described in
the next section. This preliminary analysis helped establish confidence in using satellite-based
irradiance data for estimating PV soiling losses, particularly for rooftop systems that lack on-site
weather stations. Moreover, it reinforces the reliability and flexibility of the soiling extraction

methodology developed in this thesis.
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6.2 Automation of PV CE Detection

This section introduces an automated methodology to identify the optimal values for the two
key parameters in the CE detection algorithm, the moving median window length and the o
value. Automating this process allows for efficient soiling loss estimation across a large number
of PV strings in utility-scale plants. This section first explains the need for automating PV
cleaning event detection, followed by a detailed description of the proposed methodology and

the corresponding results. The analysis is shown for sites D, E and F.

6.2.1 Need for Automating PV CEs

As discussed in chapters [T] and [ accurately detecting PV CEs is a crucial step in estimating
PV soiling losses. In chapter [] it was shown that the daily T.,-PR becomes noisy, during
low irradiance periods. This happens mainly due to two reasons: errors in modeling the PV
power and the non-linear behaviour of the pyranometer under fluctuating irradiance conditions.
Because of this noise, the CE detection method used in the SRR model, which uses fixed values
of moving median window length (14 days) and « (1.5), often results in false detection of
CEs. To improve the accuracy, researchers manually adjusted these two parameters and selected
values that best capture the true CEs [[1925,[27]].

However, as discussed in section manually tuning these parameters becomes very
time-consuming when working with utility-scale PV plants that have a large number of strings.
For example, site D, the 50 MW, plant analysed in this thesis, has 16 central inverters, each
connected to approximately 165 strings, giving a plant total of 2640 strings. If a manual trial-
and-error approach is used, the parameters need to be adjusted separately for each string to
correctly identify true CEs and ensure that noise is not detected as cleaning. This would require
a large amount of time and effort, making it impractical for real-world applications. Therefore,
there is a need to automate the selection of these parameters so that CEs can be detected reli-
ably across a large number of strings. Muller et al. attempted to automate CE detection using a
number of noise-filters [25]. Their method was based on visually labeled CE events identified
through a set of seven criteria, and the performance of the automated algorithm was evalu-
ated using the F1-score metric. However, the labeling process still involved visual inspection.

Therefore, it is still time-consuming and less practical for large PV plants.

TP
F1—score= 6.1)
TP+0.5x (FP+FN)
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6.2.2 Methodology to Automate PV CEs

The approach to automate PV CEs proposed in this thesis eliminates the need for manual tuning.
Instead, it relies entirely on the F1-score as an objective metric to find the best combination of
the moving median window length and o value. This metric is useful because the problem
at hand is a classification problem, where it needs to be determined whether a particular day
corresponds to a real CE or not. The F1-score, given in equation [6.1] is a balanced metric that
captures both precision (how many of the detected CEs were correct) and recall (how many
actual CEs were successfully identified). This makes it effective when both false positives and

false negatives must be minimised, where:

* A True Positive (TP) event occurs when the algorithm correctly identifies a CE that did
occur (due to rain or manual cleaning).

* A False Positive (FP) event occurs when the algorithm detects a CE that did not actually
happen, usually because of noise or fluctuations in the data.

* A False Negative (FN) event occurs when the algorithm fails to detect a CE that did

occur, possibly due to insufficient rainfall or ineffective manual cleaning.

Accuracy metric is not used here because it does not clearly capture the trade-off between
false positives and false negatives, which is important for reliable CE detection. Rainfall is
one of the most common natural cleaning mechanisms for PV systems. However, its cleaning
effectiveness depends on the amount on rainfall. Based on previous studies [28,39,/138,|139],
a rainfall threshold between 1 mm/day and 5 mm/day was used to identify CEs that had the
potential to clean a PV system, at-least partially. However, Micheli et al. [24] and Toth et
al. [140] selected this threshold in such a way that the modeling error in the soiling profile
was minimised. In this thesis, a similar approach is followed to determine the minimum daily
rainfall threshold for each site. The details of this procedure are described later in section[6.2.3]
No post-rainfall ‘grace period’, i.e., a short period immediately after rain, where soiling does not
re-accumulate on the PV system, was assumed in this analysis. After determining the minimum
daily rainfall threshold for a site, it was combined with the logged manual cleanings to create
cleaning labels. Together, the dates on which these two incidents took place, served as reference

labels to evaluate and automate the CE detection process.

To identify the best-performing parameter combination, a range of moving median win-
dow lengths from 5 to 20 days was tested. For each window size, & was varied between 1 and
10, with steps of 0.1. For each pair of values, the F1-score was computed by comparing the CEs
detected by the algorithm with the known reference events (rainfall and manual cleanings). The
parameter pair that yielded the highest F1-score was selected as the optimal value for a given

site.

After determining the optimal values for the moving median window length and the & pa-
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rameter, these values were applied to detect CEs in the daily T,,PR time-series data. However,
it was observed that, in some cases, CEs were still being identified during dry periods, as shown
in figures [6.4(a) and [6.4(b). These detections were not accurate. They were caused by residual
noise in the data, even after applying the Hampel filter (described earlier in chapter |4)), which
the algorithm mistakenly interpreted as cleaning signals, despite no actual cleaning having oc-
curred. Similar observations were reported by Micheli et al. [24,[27]], where false cleanings
were removed by ignoring small improvements in the soiling ratio data. To reduce such false
detections, a refinement step was introduced, where only those CEs that occurred within either

of the following time windows were retained:

* A #4-day window around a rainfall event.

* A #4-day window around a manually logged cleaning.

For sites E and F, where Solcast’s satellite-based irradiance data was used, the daily T,,.PR
profiles were noisier than those of site D. The reason for this difference was attributed to the
use of Solcast’s satellite-based weather data, and was discussed in the previous section. In such
cases, using a very low value of o can lead to noise being wrongly identified as CEs, especially
during cloudy or rainy periods when the rainfall exceeds the chosen threshold. To reduce this
effect and improve the stability of CE detection, the range of o values was adjusted for sites
E and F, where satellite irradiance data were used. Instead of starting from 1, o¢ was varied
from 4 to 10. This makes the detection less sensitive to noise and ensures that only meaningful
increases in T, PR are identified as CEs. It should be noted that this choice was not based on
a statistical analysis, but was guided by the higher uncertainty associated with satellite-based
irradiance. This value may serve as a useful reference for sites that do not have access to on-site
irradiance data.

By applying these constraints, the influence of residual noise was minimised, thereby,
ensuring that only true CEs were detected. The total runtime for this automated CE-detection
algorithm on three sites, D, E, and F, was found to be: 0.57 minutes for site D, 2.82 minutes for
site E, and 0.17 minutes for site F. The relatively longer runtime for site E was due to their larger
data spans in terms of years. However, the automated CE-detection method can drastically
reduces manual effort which would be used to visually inspect daily T,,,PR trends to detect true
CEs. All computations were run on a system with the following specifications: AMD Ryzen
5 3550H processor (quad-core, 2.10 GHz), 16GB RAM, running a 64-bit Windows operating
system. During the tests, no additional software or background tasks were running, allowing for
fair bench-marking across sites. It is also likely that systems with higher specifications would

yield even shorter execution times.
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Figure 6.4: Daily time-series T,,PR plot for (a) site D and (b) site E with detected CEs fol-
lowing the methodology described in figure 6.5. The events highlighted in green are the false

cleanings due to residual noise in the data, which was later removed.

6.2.3 Rainfall Sensitivity Analysis

Rainfall is one of the most common natural cleaning agents for PV systems. Depending on
the amount of rainfall, PV modules may be cleaned either partially or fully. Therefore, it is
important to identify the minimum rainfall that should be considered as a valid cleaning event.
Micheli et al. studied this by varying the minimum rainfall threshold and modeling the
soiling profiles between two consecutive cleaning events using piecewise regression. For each
threshold, they calculated the mean absolute error (MAE) between the modeled and measured
PV performance profiles, and the threshold that gave the lowest MAE was selected as the op-
timal value. Similarly, in this thesis, the daily rain threshold was varied from 1 mm/day to 10
mm/day in steps of 1 mm/day to study how sensitive the CE detection is to the chosen threshold.

The coefficient of determination (R2?) was used instead of the F1-score for this analysis.
While the F1-score is suitable for identifying optimal CE detection parameters, it is not appro-
priate for rainfall threshold sensitivity analysis. This is because, during rainy periods with low
or unstable irradiance, random variations in the daily T.,PR can be wrongly detected as CE:s.
These detections will be counted as true cleanings if the rainfall on that day is above the selected
threshold, which can increase the Fl-score. To avoid this, the R? metric was used to evaluate
how well the soiling trends were modeled for each rain threshold. For each threshold value,

the automated CE detection framework was applied, and the optimal CE detection parameters
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(moving median window length and ) were re-calculated using the F1-score-based method.
Using these parameters, CEs were identified for that threshold. The FBP algorithm was then

used to model the soiling trend between consecutive CEs.

For each soiling interval, the R? value of the fitted trend was calculated to check how well
the model represented the data. A weighted average R? value was then computed, where the
weights were based on the duration (in days) of each interval. This gives more importance to
longer intervals, which are generally more reliable. Equation[6.2]used to calculate the weighted
average R? is given below. Intervals shorter than seven days were not considered, as they are
more affected by noise and can lead to incorrect evaluation. Finally, the rainfall threshold that
resulted in the highest weighted average R? value was selected as the optimal threshold for that

site. A higher weighted R? value indicates smoother and more realistic soiling trends.

m . 2
i1 Li X R;

Weighted Average R* = o
i=1 Li

(6.2)

In equation [6.2] m represents the number of detected soiling intervals, L; is the length of
the soiling interval, and Ri2 is the coefficient of determination for the FBP fit of that soiling
interval. Since the entire CE-detection framework was repeated for each rainfall threshold, the
optimal values of the moving median window length and the ¢ parameter also changed with
the threshold. This is expected, as each rainfall threshold results in a different set of cleaning

labels used in the optimisation process.

Figure [6.5] shows the complete steps involved in the automated CE-detection framework,
including the procedure used to find the optimal daily rainfall threshold and the corresponding
CE-detection parameters. Together, figures [6.5] and [6.6| provide a clear summary of the overall
PV soiling quantification methodology.

Evaluati £ dail Application of 1-c Hampel Detection of automated
START Ha nation-ohcary filter to remove outliers CEs using the workflow
TeorPR profiles from daily TcrPR data shown in Flgure 6.6
Evaluation of soiling loss IApp'llllfautonf(:f'lFBll:R
s algorithm to fit Tecor!
END PRCOMERLnHelatclt profile between CEs to detect
decrease of FBP fits soiling trends

Figure 6.5: Summary of the proposed workflow, including data preparation, noise filtering, CE

detection, and soiling loss estimation.

Figure shows the variation of the weighted average R? score varies with the daily
rainfall threshold for sites D, E and F. From the plots for each site, it can be seen that the
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weighted average R? score increases up to a certain rainfall threshold and then starts to decrease.
The threshold at which the weighted average R? score reaches its maximum is marked by a
vertical line in the figure. In the plot, green represents site D, yellow represents site E, and red

represents site F.

To better understand this trend, the detected CEs for site D were compared using rainfall
thresholds of 5 mm/day and 9 mm/day. As shown in figure the weighted average R? score
for site D is highest at 5 mm/day. For comparison, an arbitrary threshold of 9 mm/day was
also tested, and the results are shown in figure [6.8] In both figures, the CEs detected using
the optimal CE-detection parameters for each rainfall threshold are indicated by green dashed
vertical lines. The soiling trends between consecutive cleaning events, obtained using the FBP

algorithm, are shown by solid black lines.

START Load daily TecaPR
time-series data

Set a range of Moving
Median Window
Length and o values

Use manual cleaning logs
(if available) as reference
cleaning labels

Run automated CE detection

Apply FBP Detect optimal A Vary daily rain threshold
algorithm on each parameters based on using: ) from 1 mm/day to
SI to detect soiling highest F1-score for - Range.of Moving Median 10mmy/day in steps of 1
ears each rain threshold Window Length

mm/day
- Range of a values

Find the rain threshold
value that returns highest
wt. avg. R? score

Compute R? score for
every SI :- evaluate avg.
wt. R2 score for the
entire duration of study

Store wt. avg. R? score
for a daily rain
threshold value

Repeat the process for
all rain thresholds

Use the optimum Moving
Median Window Length and
a value corresponding to this
threshold to detect final CEs

Figure 6.6: Flowchart showing the step-by-step process of the automated CE-detection frame-
work, including the selection of optimal CE-detection parameters and determination of the daily
rainfall threshold.

Using the 5 mm/day threshold, the weighted average R? score for site D was 0.6449, which
is the highest among all the thresholds tested. As shown in figure[6.8{(a), the algorithm is able to
detect clear improvements in daily T,,,PR on 22"¢ March 2022 and 28" April 2022 (highlighted
by pink boxes). These improvements are not detected when a threshold of 9 mm/day is used, as
seen in figure[6.8(b). Since the 5 mm/day threshold is able to capture these meaningful cleaning
events, the resulting soiling trends are smoother and more accurate, which leads to a higher R?
score. On the other hand, when very low rainfall thresholds (below 5 mm/day) were tested, the
algorithm began to detect CEs caused by random fluctuations in the daily T,,PR during rainy
and low-irradiance periods. These false detections broke the time series into many short and
noisy intervals, which resulted in poor FBP fitting and lower R? scores. Therefore, thresholds
below 5 mm/day were not suitable, and 5 mm/day was selected as the optimal rainfall threshold
for site D.
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Figure 6.7: Variation of the weighted average R? score vs daily rainfall threshold for sites D, E
and F.
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Figure 6.8: Time-series daily T,,,PR plot of site D with detected CEs using (a) 5 mm and (b) 9
mm daily rain thresholds. Two detected CEs highlighted by pink rectangular boxes in (a) wasn’t
detected using the 9 mm daily rain threshold in (b).

Similar to site D, the detected CEs for site E were analysed using rainfall thresholds of
1 mm/day and 6 mm/day. As shown in figure the weighted average R? score for site E is
highest at a threshold of 1 mm/day (weighted average R? = 0.6115). When using the 1 mm/day
threshold, the detected CE after the heavy soiling period on 15 February 2023 is correctly
detected, as highlighted by the pink box in figure [6.9(a). However, this event is not detected
when a threshold of 6 mm/day is used, as shown in figure[6.9(b). Since the 1 mm/day threshold
is able to capture such meaningful CEs, the resulting soiling trends are smoother and more
reliable, which leads to a higher weighted R? score. Therefore, 1 mm/day was selected as the
optimal rainfall threshold for site E.

For site F, in figure it can be seen that the weighted average R? score remains the same
for rainfall thresholds between 1 mm/day and 5 mm/day (weighted average R? = 0.6756). This
indicates that all thresholds within this range result in the same set of detected CEs. When the

104



* Original * Filtered --- CE EHE rain

200

- A

1= @

1= =)
Daily Rain (mm)

@
3

o

[ - N
o @ -
= =) =3

Daily Rain (mm)

o
a3

o

o A ot
% > 1“"’3

L
B L5 o) o ® Ay LI o
1‘*’7’3 ':P"} 1“’7'3 % > % 2 »

Time [YYYY-MM]

Figure 6.9: Time-series daily T.,PR plot of site E with detected CEs using (a) 1 mm and (b) 6
mm daily rain thresholds. The detected CE on 15" February 2023, highlighted by the pink box
in (a), wasn’t detected using the 6mm daily rain threshold shown in (b).

threshold is increased to 6 mm/day, the weighted average R? score decreases and then remains
constant for higher values. This indicates that thresholds above 5 mm/day start missing im-
portant CEs. Since all thresholds between 1 mm/day and 5 mm/day give identical results, any
value within this range can be used. Therefore, a value of 3 mm/day was selected as the optimal
rainfall threshold for site F. Table [6.3] shows the optimal daily rain threshold for sites D, E and

F, along with their weighted average R? scores.

6.2.4 Analysis of Automatically Detected CEs for Sites D, E and F

Using the optimal daily rain thresholds obtained for sites D - F, the corresponding optimal
CE-detection parameters were obtained, shown in table [6.4] The detected CEs, along with the
soiling profiles estimated using the FBP algorithm (shown by solid black lines), are shown in
figures [6.10] to [6.12] The detected CEs for these sites correspond to precipitation or manual
cleanings (only available for site D).

From figures [6.10[to [6.12] it can be seen that several false cleanings were detected during
the rainy season. This happened because the irradiance fluctuated rapidly due to cloud move-
ment, which introduced noise in the data. For example, in figure @ (Site D), the soiling rates
for intervals I-5 and I-6 were —0.291%/day and +0.136%/day, respectively (Table[6.5] first col-
umn), which are not consistent. Similar behaviour is observed in figure [6.11] (Site E), where
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Table 6.3: Optimal rain threshold (in mm/day) and its corresponding weighted average R? score
for sites D, E and F.

Site  Optimal Rain Threshold (mm/day) Average Weighted R” Score

D 5 0.6449
E 1 0.6115
F 3 0.6756

Table 6.4: Optimal Moving median window length and o determined using the automated CE-
detection flowcharts shown in figures @ and @

Site Moving Median window o« value Computation time

length (days)
D 9 2.1 0.57 mins.
E 11 5.8 2.82 mins.
F 7 4.2 0.17 mins.

intervals I-1 and I-2 show opposite soiling trends, with one being positive and the other nega-
tive. In addition, intervals 1-4 to I-6 and I-9 show unusually high soiling rates during the rainy
period, which is not expected. A similar pattern is also seen for site F (figure [6.12), where

intervals [-6 and I-7 show unrealistic positive and negative soiling rates during the rainy season.

These inconsistent soiling rates mainly occur because the daily T.,PR becomes noisy
during the rainy season. When random fluctuations appear in the T,,,PR on rainy days with
rainfall above the minimum threshold, the CE-detection algorithm wrongly identify them as
actual cleanings. Since these detections are counted as true cleanings, they increase the number
of true positives and, as a result, improve the F1-score. As a result, the false CEs for the sites
were identified based on unrealistic soiling rates rather than relying on the F1-score. Therefore,

the F1-score is not suitable for evaluating false CE detections during the rainy season.

Similar observations as above, were also reported by Nygard et al. [40], where random
noise during periods of rain led to both positive and negative soiling rates, even though the
PV systems remained clean. However, during the monsoon, PV modules usually remain clean

due to frequent rainfall. As a result, the daily T, PR is expected to remain relatively stable.
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Figure 6.10: Time-series daily T, PR plots of site D with detected CEs (black-dashed line
indicated by CE_R shows the CEs detected due to rain and green-dashed indicated by CE_log
shows the CEs detected due to manual cleaning) according to the flowchart shown in figures[6.5]

and[6.6] The soiling profiles between any two CEs are shown in solid-black colour. Soiling rate
of each profile is extracted using the FBP algorithm, and is shown in Table @

This behaviour was previously seen at site A, as shown in figures {.15] and [6.1[(a), where the
daily T.,PR remained nearly constant throughout the rainy season. Therefore, based on these
observations, it was concluded that the CEs detected during the rainy periods for these sites, are

likely to be false detections.
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Figure 6.11: Time-series daily T, PR plots of site E with detected CEs indicated by the green-
dashed lines according to the flowchart shown in figures [6.5] and [6.6 The soiling profiles be-
tween any two CEs are shown in solid-black colour. Soiling rate of each profile is extracted
using the FBP algorithm, and is shown in Table @

Despite these uncertainties during the rainy season, the automated CE-detection frame-
work performs well during dry periods, when soiling slowly builds up and reduces PV perfor-
mance. This can be clearly seen in figure[6.10] for site D (intervals I-1 to I-4 and I-8 to I-10) and
figure @ for site E (intervals I-3, I-7, and I-8). In these intervals, the daily T,,,PR decreases
due to dust accumulation and increases again after cleaning, forming a typical saw-tooth pat-
tern. The algorithm is able to capture these changes accurately. For site D, the CEs detected

during the dry months also agree well with the logged manual cleaning records. This shows that
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the automated CE-detection framework can reliably identify soiling trends and estimate daily
soiling loss during dry periods, when energy loss is higher and most cleanings take place. Sim-
ilar saw-tooth patterns during dry periods have also been reported in earlier studies by Nygard
et al. [40] and Muller et al. [25], which further supports the reliability of the proposed approach
under dry and high-soiling conditions.
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Figure 6.12: Time-series daily T.,PR plots of site F with detected CEs indicated by the green-

dashed lines according to the flowchart shown in figures [6.5] and [6.6] The soiling profiles be-

tween any two CEs are shown in solid-black colour. Soiling rate of each profile is extracted

using the FBP algorithm, and is shown in Table @

Table 6.5: Soiling Rates of each of the soiling intervals marked in figures to for sites
D,Eand F.

Soiling Intervals Weighted Soiling Rate (%/day)

Site D  Site E Site F
I-1 —0.071 0.144 —1.020
I-2 —0.061 —0.675 —0.690
I-3 —0.027 -0.319 —0.760
I-4 —0.124 -0.201 —0.620
I-5 —0.291 —1.490 —0.370
I-6 0.136 —0.272 —1.650
I-7 —0.079 —-0.298 0.294
I-8 —0.151 —0.084
I-9 —0.052 —0.529
I-10 —0.104

By applying this method, the PV plant O&M teams can get a clear view of when and
where soiling losses are highest, particularly during dry periods when power loss is more. This
helps them plan cleaning schedules more efficiently. In the next section, a case study of a

PV string from site D will show how this automated method works in practice. This example

108



will also demonstrate how useful this approach can be for improving O&M practices in large,
utility-scale PV systems.

6.3 Supporting PV Maintenance Strategies using Automated
CE-Detection Methodology

This section shows how the automated CE-detection method can be used not only to estimate
accurate soiling rates, but also to support real operational decisions in PV power plant mainte-
nance. By using this approach, the plant O&M team can compare their actual manual cleaning
actions with a more systematic cleaning strategy, based on the profits generated by cleaning the
PV strings. Here, the 50 MW, PV plant referred to as site D was used.
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Figure 6.13: Time-series daily T.,,PR plot of a 24kW, string in site D (located in zone I) with
detected CEs indicated by the black dashed lines following the flowchart shown in figure [6.5]
The logged cleanings, as before, are indicated by the pink-solid lines. The soiling rate of each
SI is also shown in the plot.

As discussed earlier in chapter[5] the manual cleanings done by the O&M team in different
zones of the plant were not planned, but likely based on operational and logistical reasons. To
assess this, a strategy based on a 95% PR threshold was applied, as explained earlier in Section

522

A 24 kW, PV string from zone I of site D was selected for this analysis. This string
showed high soiling losses. Figure [6.13] shows the time-series of the string’s daily T, PR. The
pink vertical lines represent the cleaning dates logged by the O&M team. As mentioned earlier
in chapter [5] the three pink lines in January 2023 don’t mean that the string was cleaned three
times. Instead, they show the dates on which all strings in that zone were cleaned, and this
particular string was cleaned on one of those days. The same applies to the cleaning dates in
February 2023. The weighted soiling rates for each SI are also given in the figure. The CEs
detected using the automated method from the previous section are shown as dashed vertical

lines. Notably, towards the end of February 2023, even though a cleaning was logged (as shown
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by the pink line), the algorithm did not detect any CE. This suggests that the T.,PR did not
improve much, indicating that the cleaning may not have been effective.
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Figure 6.14: Time-series daily T, PR plot of the 24kW, string in zone I of site D (a) after re-
moving the effects of manual cleaning, indicated by ‘X’ points and (b) after introducing artificial
cleanings as per the 95% cleaning threshold, marked as blue dots. While introducing artificial
cleanings, the PR was reset to / - DC_, for the string. The methodology to incorporate the DC
cabling loss is described in section of this thesis.

To study the effect of cleaning, the influence of logged manual cleanings was removed
from the daily T.,PR data, following the same method described in section [5.2.1] These ad-
justed points are shown as ‘x’ marks, and labelled as ‘No cleaning’ in figure [6.14(a). Then, the
95% cleaning threshold was applied to this soiling profile. Artificial cleanings were triggered
whenever the daily T,,,PR dropped below 95% of the initial value. These points are shown as
blue dots and labeled as ‘95%-threshold based cleaning’ in figure [0.14(b). The analysis also
included cabling losses. Based on this method, the cleaning profit was calculated for the total
number of cleanings required by the threshold rule. The methodology to evaluate the cleaning
profit is also explained previously in section[5.2.2] For comparison, the cleaning profit was also
calculated using the actual logged cleaning dates.

This comparison was extended to other PV strings in zone I of site D, which also showed
significant soiling. As explained before, this zone had the highest non-uniform soiling in the
plant. Figure [6.15] shows the total cleaning profit for both the 95% threshold and the actual
cleaning methods. The profits are normalised to per kW, of string capacity per month. It is
clear that the 95% PR cleaning method generated higher overall profit than the actual logged

cleanings. This suggests that a systematic cleaning can help recover more revenue and improve
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Figure 6.15: Cleaning profit (in INR/KW ,/month) generated by cleaning the strings using the
95% PR threshold, and as per the logged cleanings.

the PV performance. A key benefit of using the automated CE detection method is that it allows
this analysis to be applied to many strings at once. This makes the analysis much faster and
easier than manual CE detection, which was used previously.

As seen in figure the algorithm did not detect any cleaning event during the last
week of February 2023, even though the O&M team had logged a cleaning for that period.
This mismatch suggests a possible issue: either the cleaning was not effective, or it was logged
incorrectly. To explore this further, a diagnostic analysis was performed to see how well the
algorithm’s results match the logged cleaning records maintained by the plant. For this purpose,
three key metrics were used:

* true positive (tp): a CE that was both logged by the O&M team and correctly detected
by the algorithm.

* false positive (fp): a CE detected by the algorithm that has no matching cleaning log
from the plant O&M team.

* false negative (fn): a CE that was logged by the O&M team but not detected by the
algorithm.

To avoid confusion, it is important to note that the terms true positive (tp), false posi-
tive (fp), and false negative (fn) used here are defined based on the comparison with the O&M
cleaning logs. These are different from the True Positives (TP), False Positives (FP), and False
Negatives (FN) introduced earlier in section [6.2.2] which were used to compute the F1-score
for optimising the automated CE detection algorithm. As before, a +4-day window around
each logged cleaning date was used. That is, if the algorithm detected a cleaning within four
days before or after a logged date, it was considered a tp. This analysis only focused on man-
ual cleanings, as they involve both cost and labour effort, and verifying their effectiveness is
important for improving cleaning-related decisions in the plant.

There can be different reasons for fp and fn. The former may happen because of resid-
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ual noise in the daily T,,,PR data or due to partial cleanings by wind. Although wind-driven
cleaning wasn’t included in the automated CE detection framework, its effect was examined
separately using SCADA and weather data, as discussed in Appendix Occurrence of fn
because of a number of reasons:

* The cleaning might have been logged but never actually carried out, or only carried out
partially.

* The cleaning did happen, but the dust accumulation was too little to cause a noticeable
improvement in the daily T,,,PR point.

* The CE-detection algorithm missed a real event, meaning the method has room for further

improvement.

Ideally, both fp and fn should be as low as possible. In this case, the number of fp was
very small because the algorithm filtered out events that did not fall within the +4-day window.
To measure the overall accuracy of the algorithm for this analysis, the fl-score metric was
used, which combines both precision and recall. The recall was also evaluated, which tells how
many of the actual cleanings were successfully identified by the algorithm. These are defined

in equations[6.3]and

Ip
1- = 6.3
fl-score tp+05x(fp+fn) (63
24
Recall = 6.4
eea tp+fn ©4)

This diagnostic method was first applied to the PV string from site D, shown in figure[6.13]
For this string, the value of tp was 2: one event was correctly detected in mid-January 2023,
and another on 11" February 2023. The fn count was found to be 1, since the algorithm did not
flag the cleaning during the last week of February, even though it was logged. The fp value was
0, as the algorithm did not detect any false CEs. After this, the same approach was used for all
strings in zone A of site D, covering the same period: 1% January to 215 March 2023. The total

tp, fp, and fn values for this zone were then used to calculate the overall f1-score and recall.

Figure[6.16|shows the comparison between algorithm-detected and logged cleaning events
for zone A. Each blue bar represents a different string, and the vertical dashed lines show the
logged cleaning dates. As explained earlier, the three vertical lines in January do not mean each
string was cleaned three times. Instead, they represent that all strings were cleaned across three
different days. The same logic applies to the cluster of lines in February.

The overall recall score and the fl-score for this zone were found to be 78% and 87.4%,
respectively, based on a total of 167 tp, 47 fn, and 1 fp. The relatively lower recall score can be
explained by the fact that, as seen in Figure the algorithm detected more cleaning events

in January compared to February, even though, according to the O&M team, each string was
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Figure 6.16: Comparison of CEs detected by the algorithm with logged cleanings of zone A in
site D. Each blue bar indicates a PV string in the zone, and dashed lines indicate logged cleaning

dates.

cleaned once every month. This suggests two possible reasons: either the cleanings carried out
in February were not as effective, or the soiling accumulation during that period was lower.
A recall value of 78% indicates that the automated CE detection framework was able to detect
cleaning events for most of the strings that were manually cleaned during the study period. Since
this period did not include rainy days, all reference cleanings correspond to manual cleaning
activities. The remaining 22% of missed detections may suggest that some cleanings were
partial or not effective enough to produce a clear increase in the daily T.,PR. It is also possible
that, in some cases, residual noise in the daily T,,,PR time series masked the effect of cleaning,

making it difficult for the algorithm to detect a clear improvement.

From an operational point of view, this information is useful for the O&M team. Strings
for which cleanings were recorded but not detected by the algorithm can be identified for further
inspection. This helps in identifying cases where cleaning may need to be improved or verified
after it is carried out. Over time, an increase in the recall score would indicate more effective
cleaning, while repeated missed detections may point to ongoing issues related to cleaning or
data quality. An f1-score of 87.4% indicates a strong overall agreement between the automated
CE detection framework and the cleanings recorded by the O&M team. Unlike recall, which
only measures missed detections, the f1-score considers both missed detections (fn) and incor-
rect detections (fp). The remaining error of about 13% reflects the combined effect of these two
factors. From an operational perspective, this is important because frequent false detections can
reduce confidence in the algorithm by wrongly identifying noise as CEs, while frequent missed

detections can hide cases where cleaning was not effective.

This diagnostic layer adds further value to the automated CE-detection methodology. This
shall allow the PV plant operators not only to track when cleanings happen, but also to check
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if the cleanings already done were effective. This kind of feedback can help improve cleaning
schedules and make plant operations more efficient.

6.4 Summary

This chapter focused on rooftop PV systems to study how well the PV soiling loss algorithm
works. Since these small systems don’t have on-site weather sensors, satellite-based weather
data was used instead. The daily T.,PR values from the satellite data were compared with
values based on on-site weather data from site A. It was found that the results matched well
during the dry season. However, in the rainy season, the data became noisy because satellite
data could not capture short-term local cloud cover. However, it was concluded that satellite-
based weather data can be used for analysing PV soiling losses in small rooftop PV systems,

which also helped in validating the soiling quantification method proposed in this thesis.

Next, this chapter introduced an automated method to detect CEs using SCADA data from
large utility-scale PV plants. Since such plants cover large areas, detecting CEs manually is
time-consuming. The automated method helps by finding the optimal values for the moving
median and « parameters, which were then used to accurately detect CEs. This helps in cal-
culating how much PV power was lost due to dust deposition. In addition to this, a rainfall
threshold sensitivity analysis was performed to determine the minimum rain required to clean
PV systems partially. This rainfall value was found to vary for different sites, analysed in this
thesis. The automated CE detection framework was applied to both large utility-scale PV plants
and small rooftop systems, where no on-site weather station was available. With this, string-
level soiling patterns can be analysed quickly without requiring to check whether the detected

CE is accurate or not, thereby saving time and effort.

The results show that the proposed framework performs well during dry periods, when
soiling builds up gradually and PV generation is high. During these periods, the daily T.,-PR
profiles are relatively smooth, which allows the algorithm to reliably detect cleaning events and
estimate soiling loss. In contrast, during the rainy season, the daily T.,,PR becomes noisy due to
rapid changes in irradiance. Although several steps were taken to reduce the effect of weather-
related uncertainty, false CEs were still detected during these periods. These false detections
were identified not based on the F1-score, but from unrealistic soiling rate values, since PV
systems are generally expected to remain clean under frequent rainfall. This limitation shows
that noise caused by weather during the rainy season cannot be completely removed. In the
future, this issue can be addressed by developing statistically generated cleaning labels that
include checks on the stability of soiling rate slopes, the quality of the fitted soiling profiles,
and day-to-day variations in T,,,PR, so that true cleanings can be better separated from noise.

A key advantage of the proposed methodology is its ability to handle large datasets. The
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automated framework can be applied to thousands of PV strings without the need for manual
parameter tuning, making it suitable for large-scale applications and enabling efficient string-

level analysis of soiling loss, which would otherwise be very time-consuming if done manually.

Finally, this chapter demonstrated how the automated CE-detection method has real value
for field operations. It can be used by the PV plant operators to check how effective their logged
cleanings were and to improve their cleaning schedules in a way that saves money and increases
power generation. This makes the approach useful for both small rooftop PV systems and large
utility-scale PV plants.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

PV soiling refers to the buildup of dust and dirt on the surface of solar panels, which reduces the
amount of sunlight reaching the panels and, as a result, decreases the power output. As shown
by Ilse et al. 8], this leads to economic losses, and as PV plants are becoming larger in size
and capacity, these losses are expected to become more serious. To reduce this, PV panels must
be cleaned regularly. However, the frequency of cleaning needs to be decided, and therefore,
PV soiling must be monitored continuously. For this, PV soiling sensors are used in utility-
scale PV plants. These sensors measure a metric called the Soiling Ratio, and by tracking this

continuously, plant operators can decide when and where to clean.

However, to monitor a large PV plant effectively, many such sensors would need to be
installed, which increases cost and requires regular maintenance. A cheaper option is to use
the plant’s SCADA generation data. Some models in the literature, like the SRR and CODS
models (discussed in Chapter [2), use this data to quantify soiling losses [[14,[15]]. However, the
testing of these models have mostly been done on small PV systems, which do not reflect the

real conditions in large power plants [25]].

To address this gap, this thesis focused on building robust models that can analyse actual
PV plant data and capture the real effects of soiling. SCADA data from large PV plants have

noise, which can come from various reasons like varying weather conditions, faulty sensors, or
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issues with data logging. One of the main goals of this thesis was to account for these uncer-
tainties and extract the true soiling signal. Chapter [3 describes the different datasets analysed
in this thesis. It comprises of rooftop systems and ground-mounted utility-scale PV plants of

varying capacities.

Chapter [ introduced two filters. The first one removes data points affected by shadows,
either on the PV panels or the pyranometer. These shadows can be caused by things like moving
clouds, especially when the panels are located far from the pyranometer. This causes mismatch
in the irradiance measured versus what the panels actually receive. The proposed shadow filter

helps remove such instances, which otherwise would make soiling calculations inaccurate.

The second filter was designed to remove noisy points from the data, especially on days
with low sunlight. For this, a modified version of the Hampel filter was developed. This filter
removes both local and global outliers, making the daily T,, PR noise-free. It was shown
that using this filter helped detect actual cleaning events more accurately and avoided false
detections, which was one of the major shortcomings of the SRR model.

Large PV plants also suffer from non-uniform soiling, which means different parts of the
plant get soiled at different rates. While this problem is known, it hasn’t been explored enough.
One way to measure this accurately is by installing a number of soiling sensors across different
locations of the plant, which becomes costly. An alternative is to analyse string-level SCADA
data. Using the methods proposed in Chapter[d], this thesis explored ways to detect non-uniform
soiling using string-level generation data from a utility-scale PV plant in India, presented in
Chapter [5] Using this, PV soiling maps were created. These maps are helpful for the plant’s
O&M team to find which areas get more soiled and need more frequent cleaning. It was also
shown that strings with higher soiling generate more profit after cleaning as compared to the

lesser soiled ones.

Based on this idea, in Chapter [5] a novel cleaning method was proposed called zone-
optimised cleaning. This method treats each zone of the plant as a unit and schedules cleanings
based on the string with the highest soiling in that zone. Other strings in the zone are then
cleaned on a combination of days on which the highest soiled string is to be cleaned. These
cleaning days were determined by maximising the cleaning profit of all these strings. It was
shown that this cleaning method generated high cleaning profit alongside mitigating the problem
of non-uniform PV soiling, thereby improving PV plant yield and reducing degradation of PV
systems due to non-uniform dust deposition.

In Chapter [6] an automated method to detect cleaning events was presented. Detecting
these events correctly is important for calculating soiling losses accurately. Earlier in chapters
4 and [3] cleaning events were detected manually by visually checking improvement or rise in
the daily T,,.PR profile, which would be time-consuming and hence is not practical for large
PV plants with a large number of strings. To resolve this issue, an algorithm for cleaning event
detection was developed that automatically finds the best parameters (moving median window
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and « value) to detect cleanings. This eliminates the need for manual tweaking of the parame-
ters through visual observation, thereby, saving time and effort. The method was also tested on
small rooftop PV systems that didn’t have weather sensors. The automated framework also in-
cludes a sensitivity analysis to estimate the minimum rainfall required to detect partial cleaning
due to rain. This rainfall threshold was found to vary across the different sites analysed. It was
observed that during dry seasons, when both generation and soiling are high, the algorithm was
able to correctly detect cleaning events and track soiling trends, even when using satellite-based
weather data. This shows that the method is applicable to both large-scale and small-scale PV
systems. However, during rainy and cloudy periods, where irradiance fluctuations are high, the
algorithm detected false cleaning events. These were considered false because the daily T,,,PR
time-series becomes noisy during such periods, while the PV system is generally expected to

remain clean.

To summarise, this thesis developed a complete and practical framework for monitoring
PV soiling, detecting cleaning events, and estimating energy losses. The approach includes de-
tecting accurate soiling trends through outlier removal, accurate cleaning event detection along
with its automation, and analysing the spatial variation of soiling loss in a large PV plant, all
of which support better operation and maintenance of the plant. These methods can be applied
to both residential rooftop PV systems and large solar plants, and they can help operators plan

effective cleaning schedules and improve plant performance.

7.2 Future Work

This thesis developed a complete and practical approach to analyse PV soiling loss for solar PV

power plants. Based on the work presented, the following future directions can be explored:

* In Chapter [5 the non-uniform soiling analysis was carried out for a period of around
three months. This timeframe represented the dry season, when dust accumulation on
PV panels is high. However, the performance of the PV cleaning thresholds used have
to be verified over different seasons and multiple years for similar large scale PV plants.
This would help confirm whether the method works consistently throughout the year and

under changing environmental conditions.

* Chapter|[6|outlines the automated PV cleaning event detection algorithm, which was tested
on three sites. The utility-scale PV plant (site D) analysed in this thesis, had access to
manual cleaning logs. However, such logs are often unavailable or incorrectly docu-
mented in practice. Hence, the algorithm needs to be tested in a way that can handle
this limitation. One possible way to address this is by developing statistically generated

cleaning labels that use checks such as the stability of soiling rate slopes over a given
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interval, the quality of the fitted soiling profiles, and the day-to-day variations in T,,,PR.
This can help to better distinguish true cleaning events from noise. Again, the automation
methodology needs to be validated across a number of PV sites with different soiling rates
to ensure its reliability under varying environmental conditions. Although the effect of
partial cleaning due to wind under low relative humidity conditions for site B was exam-
ined in Appendix [A.T] it was not included in the automated CE detection framework due
to unreliable wind speed and relative humidity data. In future, when reliable wind speed
and relative humidity data become available, they can be incorporated into the model to
detect wind-driven partial PV cleanings, thereby improving the accuracy of soiling loss

estimation.

This thesis as a whole did not make use of any Machine Learning (ML) algorithms, as it
was based completely on a data-driven approach. Hence, future work can explore the use
of robust ML algorithms to predict PV soiling using historical PV generation and weather
data. One area where this can be applied is in the automated detection of PV cleaning
events. ML models can be trained using features such as the magnitude of improvement
in daily T,,,PR, the quality of the fitted soiling profiles, and the day-to-day variability in
TeorPR. Such models can help distinguish actual cleaning events from noise, especially
during periods with high irradiance fluctuations, thereby reducing false detections and

improving the reliability of the detection framework.

Another promising direction for future work is the use of ML-based Digital Twins (DTs)
to quantify PV soiling loss. In this approach, a DT can be developed to represent the
clean operating state of a PV system using historical and real-time data. For utility-scale
plants, DTs can be created at different levels, such as inverter or string combiner box level,
to capture block-level performance. By comparing the actual measured PV power with
the clean-state power estimated by the DT, the loss in performance due to soiling can
be quantified. This approach is particularly useful for identifying non-uniform soiling
across different parts of the plant, as strings or blocks showing higher deviation from
the DT baseline can be flagged as more heavily soiled. Such a framework can provide a

data-driven and scalable solution for continuous soiling monitoring in large PV systems.
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Appendix A

Extended Analysis and Python Scripts

A.1 Partial Cleaning of PV Systems due to High Wind Speed

under Low Relative Humidity Conditions

Many field studies in the past have shown that wind speed and relative humidity (RH) are two
key weather factors that affect how dust settles and sticks on solar panels. When RH is high,
it increases the adhesion between dust particles and the glass surface of the PV module. This
is because higher humidity can lead to the formation of dew, which causes dust to stick more
firmly and increases soiling [141]]. On the other hand, wind can naturally help clean the PV
surface by lifting off loosely attached dust particles, especially when the RH is low. Under such
dry conditions, the dust does not stick as strongly, and the wind can blow it away more easily.

Similar findings were reported by Aissa et al. [[142]] based on a number of field studies.

In this section, whether such wind-aided natural cleaning can be detected directly from
PV SCADA and weather data was explored. Although controlled experiments in the past have
studied this phenomenon, using SCADA data to identify wind-driven cleaning has not received

much attention in literature.

This analysis was done for site B, where, in Chapter[d] Section[4.2.2] it was shown that by
adjusting the moving median window length and & parameter, accurate cleaning events could be
identified. In figure [A.1] the detected cleaning events for site B are shown, with two particular
events marked by green vertical lines. These two days had no record of rain or manual cleaning,
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Figure A.1: Daily T,,,PR time-series data of site B with detected cleaning events after filtering
out noise using the modified Hampel filter, described in section {.2.1] Orange points were
obtained after applying the Hampel filter. ‘CE’ is used as an acronym for cleaning event. ‘CE2’
denotes the cleaning event detected due to partial cleaning by high wind speed under low low
RH.
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Figure A.2: Time-series plot of wind speed, RH, dew-point temperature, module temperature,
ambient temperature, and daily T, PR from 8" January, 2014 to 13" January, 2014 for site B.

1th

The cleaning event was detected on 11'" January, 2014 (shown by the green vertical line).
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which raised the probability of whether natural cleaning due to wind may have occurred. Such
events were earlier flagged as false positives [19], however, required deeper investigation.

The cleaning events were detected on January 11, 2014, and October 21, 2014. To explore
this further, zoomed-in daily plots of the following variables from January 8 to 14, 2014 are

shown in figure[A.2}
* Daily T, PR data

* Ambient temperature, module temperature, and dew-point temperature
* RH and Wind Speed

The dew-point temperature was calculated using the Magnus-Tetens formula [[143]], shown
in equation From Figure |A.2] it can be observed that on January 11, 2014, the wind speed
was relatively high, while RH remained low. This combination suggests that dust particles
were less likely to absorb moisture, making them easier to lift off the surface. Additionally,
the difference between the module and dew-point temperatures was also large, even when RH
was high. This further indicates that condensation was unlikely, reducing the chances of dew
formation. Altogether, these conditions indicate that the system might have experienced partial

natural cleaning under wind speed under dry conditions.

237.3 [l”(1oo)+ 2%%7!:]
17.27 - In($) — 55355

T, = (A.1)

To further support this, a specific period when both wind speed and RH were high was
analysed, and no cleaning events were detected. In figure[A.I] from mid-May to mid-July 2014,
the daily T.,-PR shows a continuous decline, indicating dust deposition. Figure [A.3|shows the
zoomed-in daily plots from June 3 to June 9 for the same variables used in figure[A.2]

Throughout this week, RH was high, and the module and dew-point temperatures were
nearly the same, especially during the time the RH was at its maximum. These are the ideal
conditions for dew formation on PV modules. Although wind speed was also high starting
June 5, no cleaning events were detected by the algorithm. This suggests that when the RH and
hence the moisture content is high, high wind speed is not effective in cleaning the PV modules,
because the dust sticks more strongly to the surface due to increased force of adhesion.

A study by Karlson et al. [144] showed that in Alice Springs, the dust particles were
relatively large, with a size peak at around 40 um. Also, this region is surrounded by sand dunes
[145]], and such sandy dust tends to hold less moisture. Because of these factors, soiling rates at
Alice Springs are relatively low [8]]. In such a dry and dusty environment, the combination of
high wind speed and low RH likely helped remove loosely adhered dust, which could explain
the partial cleaning observed on January 11, 2014. A similar explanation can also be applied to
the October 21, 2014 cleaning event.
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Figure A.3: Time-series plot of wind speed, RH, dew-point temperature, module temperature,
ambient temperature, and daily T,,,PR from 3" June, 2014 to 9" June, 2014 for site B.

A.2 Python Codes for Quantifying Soiling Losses

Given below is a Google Drive link, comprising of .ipynb files, that evaluates the soiling losses
in terms of soiling rates for a 24kW , PV string located in site D. The code also incorporates the
automated cleaning event detection framework described in chapter [6]

Link: https://drive.google.com/file/d/
10M1fZw4d19kxm3M5gAlFfcsrg-CI7a6Dh/view?usp=sharing.
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