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Abstract

Soiling of panels in solar power plants can reduce production levels. In this thesis,
we estimate the effect of soiling on power production and efficiency, as well as the gains
from cleaning. Power data from a plant in southwest India was recorded every 5 min-
utes spanning 6 months. We analyzed this data to estimate efficiency degradation rates
resulting from accumulation of soil and dust. The major challenge was filtering dataset
noise/anomalies due to variations in micro-weather conditions. The key contribution of the
thesis is a data-driven cleaning schedule algorithm. The algorithm detects cleaning events
and produces a segmentation of the timeline into cleaning and soiling intervals. From the
cleaning intervals we estimate the gains from panel cleaning, and from the soiling intervals
we calculate the rate of power/efficiency loss. We apply these results to solve optimiza-
tion problems regarding the cleaning schedule of a solar power plant. For example, by
comparing the cost of cleaning against the potential gains in power production, we answer
the questions “Which panel should I clean first/on this day?” and “Which day should I
clean all panels?”. We hope that the contributions of this research will provide important
insights for any party working with solar power data.
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Chapter 1

Introduction

Photovoltaic (PV) modules produce electricity by absorbing energy from a virtually un-
limited resource: sunlight, via a process known as the photovoltaic effect [17]. Utility-scale
PV plants (Figure 1.1) aim to maximize these capabilities, generating solar energy using
arrays of panels [36]. A typical plant setup, illustrated in Figure 3.1 (Section 3.1), consists
of panels organized into strings feeding into string combiner boxes (SCBs).

As a renewable and economic energy source [40], solar power has seen accelerating
growth in recent years with major PV plants being developed in many countries [36].
For example, the Energy Information Administration (EIA) forecasts 29.1 GW of new
utility-scale solar installations added in the U.S. for 2023, more than doubling the previous
record of 13.4 GW (Figure 1.2) [35]. Further, in 2021 solar PV accounted for 3.6% of
world-wide electricity production and overall PV power generation increased by a record
179 TWh, up 22% from 2020 [21]. To sustain this growth, industry research concentrates
on affordability and performance of solar technologies [32], aiming to improve production
efficiency by minimizing losses in energy yield.

1.1 Soiling

Key areas of PV research include the development of high-efficiency materials, solar plant
configuration to maximize energy generation, and improving the durability of PV modules
[31]. However, the single most influential factor impacting energy yield is incoming solar
irradiance. If the sunlight levels reaching the PV module are reduced, the system will suffer
proportional losses in electricity generation. Therefore, soiling, the accumulation of dirt,
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Figure 1.1: Badhla Solar Park - 2245 MW PV Plant in Rajasthan, India [23]

dust, and other particulate matter on the surface of PV modules, presents a considerable
challenge for plant operators (Figure 1.3). Soiling particles disrupt normal optical processes
by absorbing, reflecting, and scattering incident sunlight away from the PV module (Figure
1.4), diminishing performance [38].

A 2018 analysis of global solar power production estimates that soiling reduced energy
yield by 3%-4%, amounting to an annual revenue loss of e 3-5 billion, which is expected
to rise up to 4%-5% and more than e 4-7 billion by 2023 [22]. These losses are driven
by growth in PV plant deployments to regions with arid, dusty climates which present
great energy potential due to high levels of irradiance, but also exhibit harsh environmen-
tal conditions favouring soiling [22]. Moreover, soiling is expected to further intensify in
coming years with climate change leading to rising temperatures and risk of droughts [1].
As a result, there is heightened interest in measurement and mitigation of soiling losses
impacting utility-scale PV plants.
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Figure 1.2: 2023 Energy Market Forecast, United States [16]

1.1.1 Quantifying Soiling Losses

The dominant soiling measurement techniques at this time involve the installation of soiling
stations and sensors [2]. Soiling stations consist of two PV modules - one left exposed to
soiling and one cleaned regularly to use as reference. The power outputs from both are
compared to estimate soiling losses for the PV plant. Similarly, optical soiling measurement
(OSM) sensors infer losses by comparing incoming vs transmitted energy through the PV
glass, as affected by the optical characteristics of soiling materials deposited on top [3].
In addition, soiling image analysis (SIA) sensors operate on aerial photos of PV modules,
using image-processing methods to estimate loss, based on soiling area coverage of the
module surface [3]. While these techniques use different methods to measure soiling loss,
they suffer from issues of cost, necessity for maintenance, and reliability [3].

Alternatively, some measurement techniques accurately detect soiling loss across a PV
plant, without the need for any external instrumentation. These methods, known as soiling
extraction algorithms, convert PV systems themselves into detectors and analyze power
output data from modules to directly estimate soiling losses/rates [3]. While the use
of raw system data allows for in-depth analysis, non-soiling factors such as noise and
operational errors, with potential to invalidate results, must be identified. In this thesis, we
develop data-cleansing methodology (Section 4.1) and a novel data-driven soiling extraction
algorithm (Section 4.3) to quantify soiling loss for a utility-scale PV plant.
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Figure 1.3: Clean vs Soiled PV Module. Image presented in [10]

1.1.2 Mitigating Soiling Losses

Given an accurate measurement of the ongoing production loss due to soiling, an op-
timal mitigation strategy can be developed. While this strategy differs from plant to
plant depending on site-specific characteristics, such as PV system design/configuration,
location-based environmental conditions (precipitation, soil aridity etc.), and soiling prop-
erties, in general, mitigation techniques fall under two categories: preventive and corrective
measures [1].

Preventive measures aim to passively reduce soiling accumulation in the PV modules
and involve efforts from the plant’s engineering and construction teams [1]. One example is
the use of anti-soiling coatings (ASC) which employ electrostatic forces to hinder particles
from depositing [1]. Another interesting approach involves upside-down stowing of PV
modules during the night, based on insights that soiling may become more pronounced at
night [22][18]. An application of this strategy in India reported to reduce soiling loss by
around 60% [5].

However, to our knowledge no preventive measures have been developed which com-
pletely eliminate the need for corrective measures such as cleaning. Cleaning is the most
common mitigation technique and involves efforts from the plant’s operation and mainte-
nance (O&M) teams [22]. Cleaning methods can be divided into 3 categories:

• Manual - using dusting brooms and water mops/brushes [1]
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Figure 1.4: Impact on Incident Sunlight due to Soiling. Diagram by Al Hicks (NREL,
USA) as presented in [38]

• Semi-automatic - via truck-mounted devices fitted with water tanks, or battery-
powered portable robots and motorized brushes [1]

• Fully-automatic - devices designed to clean rows of modules at scheduled times
without any human operation [1]

1.1.3 Optimal Cleaning Schedule

Regardless of the method, the cleaning of PV modules, especially in utility-scale PV plants,
comes at a non-negligible price, consisting of both labour, time, transportation, and capital
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costs [22]. In addition, scarcity of water in desert-like environments, the preferred locations
for PV plants, can also drive up cleaning costs. Considering these costs, plant O&M teams
may decide to distribute cleanings sparsely. However, losses in revenue begin accumulating
each day the plant is not cleaned, due to decreases in power production from soiling. So
while the cleaning costs can be minimized by cleaning as infrequently as possible, the soiling
losses are minimized by cleaning as frequently as possible [25]. This presents an interesting
dilemma for plant O&M teams, who must aim to balance both competing costs/losses and
schedule cleanings to maximize plant production.

To further complicate matters, rainfall events, albeit rare and often insufficient in arid
climates, also need to be considered as they can remove soiling at no cost [26]. Cleanings
performed immediately before or after rainy days are particularly inefficient, as they provide
limited production benefit relative to the cleaning cost.

Therefore, while the choice of cleaning method differs from site-to-site, cleanings at
all plants need to be scheduled carefully, at times that minimize total cost/loss while
maximizing total energy yield. For this, accurate measurements of current soiling loss and
rates, as well as historical analysis of past cleanings is required. In this thesis, we develop
an optimal cleaning schedule for a utility scale PV plant using knowledge on past cleaning
quality/gains (Section 4.4).

1.2 Research Problem

As detailed in the previous sections, soiling is a major problem for PV plant operators.
From their point-of-view, it is obvious that cleaning is necessary given the significant
revenue losses due to soiling. However, what is not obvious is exactly when to clean for
optimal profit, especially given rainfall events.

To determine an optimal cleaning schedule, a detailed cost-benefit analysis is crucial.
This requires calculations of soiling losses and expected power production gains from clean-
ing, both of which are site-specific and involve careful examination of the site’s PV data
(consisting of time series of power outputs for the plant’s PV modules).

Now, while plant operators have access to the PV data, they have trouble analyzing
it due to the abundance of noise within the data and the lack of tools/algorithms to
address it and extract the relevant values. Instead, cleanings are often based on rules of
thumb such as performing cleanings once a week/month or cleaning specific modules which
look sufficiently soiled. Of course, this leads to sub-optimal cleanings, meaning avoidable
cleaning costs and soiling losses are incurred.
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1.3 Research Approach

In this thesis, we approach soiling and cleaning from a purely data-driven perspective.
Specifically, we develop data-driven algorithms and techniques to calculate soiling losses,
estimate cleaning benefits, and ultimately optimize cleaning schedules. Plant operators
can apply these to schedule cleanings which maximize profit.

1.3.1 Overview

Given raw PV data, we describe the following 3-step approach towards an optimal cleaning
schedule:

1. Use PV data to calculate module-efficiency timelines (Chapter 3 and Section 4.1)

• Tracking performance of modules over time

2. Segment timelines into cleaning and soiling intervals (Section 4.2 and 4.3)

• Marking periods of soiling based on deteriorating module efficiency

• Identifying cleaning events based on upswings in efficiency

3. Extract soiling losses and cleaning gains from segmented timelines, and use to opti-
mize cleaning schedule (Section 4.4)

• Calculating performance impact during soiling intervals and power production
gains from cleanings

• Comparing with cleaning costs and upcoming rainfall events to determine opti-
mal cleaning dates for each PV module

Implementation details follow in the referenced sections.

1.3.2 Real-World Issues and Solutions

In processing PV data from any utility-scale plant, there are several problems that arise
due to real-world conditions relating to the nature of the hardware, the environment, and
day-to-day plant operations. Many such problems were encountered over the course of
the thesis work, as we progressed through each step in the approach, and motivated the
development of data-driven solutions, which are the key contributions of the thesis. These
issues and solutions, along with brief comparisons to existing works, are detailed below:

7



• Problem # 1: Noise/anomalies in PV data such as operational errors, shading due
to clouds, and micro-weather conditions making it difficult to calculate accurate
efficiency timelines for Step 1 (Chapter 3)

– Contribution # 1: Development of data-cleansing methodology (filters, cu-
mulative efficiency ratios, cloudy day detection, best-fit pyranometer measure-
ment) which provides insights/techniques to identify and address noise (Section
4.1)

∗ Existing work lacks systematic methodology and often only consists of visual
recognition and exclusion of outliers in the dataset

• Problem # 2: Unreliable recording of cleaning events by the cleaning crew, proving
problematic when trying to segment efficiency timelines based on cleaning events for
Step 2 (Section 4.2)

– Contribution # 2: Development of a data-driven timeline segmentation
algorithm which tracks changes in slope to detect cleanings and soiling intervals
without needing human-recorded cleaning logs (Section 4.3)

∗ Existing algorithms calculate day-to-day differences between performance
metrics, marking cleanings whenever the difference is greater than a thresh-
old value. This method is vulnerable to noise/outliers and lacks robustness
compared to our approach.

• Problem # 3: Incomplete cleanings by the cleaning crew, complicating cleaning gain
estimation in Step 3 as we cannot assume perfect cleanings

– Contribution # 3: Determining expected cleaning gains based on gains of past
cleaning intervals, rather than simply inverting the soiling loss (Section 4.4)

∗ Existing works assume perfect cleanings

Note that all algorithms, techniques, and solutions are also data-driven, requiring
only the PV data to address the real-world issues. This is to the benefit of plant operators
and owners, as an optimal cleaning schedule, which maximizes profit, can be determined
using already available PV data without installing costly equipment.

1.4 Thesis Structure

Figure 1.5 details the steps, issues, solutions, and contributions presented in the thesis.
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Figure 1.5: Thesis approach, including issues encountered at each step

The remainder of the thesis is structured as follows. A detailed examination of existing
works is presented in Chapter 2. In Chapter 3, we outline the available PV data, establish
formulae for efficiency calculations, and investigate anomalies in the dataset. Key contri-
butions are detailed in Chapter 4. Finally, results are presented in Chapter 5 and discussed
in Chapter 6.
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Chapter 2

Related Work

2.1 Taxonomy

Soiling and its impact on PV performance has been a topic of research for nearly 8 decades
[9]. With recent technological advances driving down PV cost, leading to increasing in-
vestments and market incentives, soiling-related research output has observed exponential
growth in the last decade [9]. In general, research on the soiling PV performance relation-
ship can be classified into two branches:

• Operational-Level Research - Directly measuring soiling losses for large-
scale plants using operational-level PV data

• Laboratory Studies - Development of optical/physical/technical soiling models to
estimate expected soiling loss using small-scale experimental setups

Operational-level research is relatively sparse, due in part to limited access to utility-
scale PV data. Papers in this branch often lack detail, for example, calculating site-wide
results rather than analyzing soiling losses across different areas of the site.

Lab studies are common. However, they estimate only projected soiling losses for
PV plants based on experiments conducted using a small number of modules. Further, lab
studies do not consider the real-world characteristics (Section 1.3.2) exhibited by large-scale
solar plants where the operations team isn’t rigorous in their duties. Instead, calculations
are based on experiments performed under strict supervision of research personnel with
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perfect conditions, perfect monitoring, perfect cleanings etc. As such, their methodology
and the subsequent results are not applicable in a real-world setting.

In contrast, the research in this thesis is both extensive and large-scale, with data from
individual PV modules used to calculate per-module soiling losses. Real-world character-
istics leading to issues of data reliability are thoroughly investigated and resolved. In this
way, we aim to address limitations of existing work and provide data-driven analysis of
soiling loss and optimal cleanings for a utility-scale PV plant.

2.2 Research Goals

Here are our research goals:

• Data-driven - Calculating soiling/cleaning results based on analysis of PV data

• Large-scale - Working with operational-level PV data from a utility-scale plant, rather
than using data from small-scale experimental setups

• SCB-level metrics - Calculating soiling losses/rates and optimal cleanings at an SCB
level as opposed to site-wide results

– Necessary due to the spatial variability of soiling. Soiling is a non-uniform
phenomenon, especially across a large utility-scale PV plant, and different areas
within a single site can see vastly different soiling conditions [1]. Thus, PV
modules will exhibit varying soiling rates/losses and require different optimal
cleaning schedules

– If site-wide losses or optimal cleanings are required, the SCB-level calculations
can easily be aggregated to produce site-wide results

• Robust to real-world conditions and noise - Not assuming perfect data/monitoring,
perfect cleanings etc.

– Developing data-driven solutions to systematically detect data anomalies/noise,
determine the root causes, and address/work-around them

• Real-world results - Not projections and estimations based on experimental models

– Calculations and methodology involving actual PV plant data, producing results
which can be used and applied by the plant operators
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• Robust to imperfect cleaning - Not assuming perfect cleanings which fully restore
PV system efficiency

– Instead, calculating expected production gains from cleaning based on quality
and gains of past cleanings (or a similar method)

• Cleaning schedule optimization - Using soiling loss and cleaning gain results to de-
termine the optimal cleaning dates

– Accounting for cleaning costs and rainfall distributions

2.3 Literature Survey

We now present a survey of the PV soiling and cleaning field. Papers are organized into
Table 2.1 to highlight their contributions and shortcomings with respect to our research
goals.

Note that while all of the surveyed papers calculate soiling loss, none consider imperfect
cleanings. Instead, they assume cleaning will negate all soiling loss (cleaning gain = soiling
loss) and thus do not calculate cleaning gains separately for optimization. Moreover, no
paper accounts for real-world conditions and no paper presents soiling results on a per-SCB
level.

Further discussion on the papers’ contributions and limitations in comparison to thesis
work is presented in the following section.

2.4 Discussion

We now explore a subset of particularly intriguing and relevant papers in more detail.

2.4.1 Lab Studies Papers

Representative of most lab studies, Micheli et al. [29] analyze data from soiling stations
to develop a model for predicting soiling loss, using parameters such as pollution indexes,
land characteristics, and meteorological data. The purpose is to determine if soiling losses
can be estimated without analyzing site-specific PV data, and instead using more widely-
available parameters.
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Micheli et al., 2017 [29] ✓

Bessa et al. [3]

Deceglie et al., 2018 [11] ✓

Micheli et al., 2019 [28] ✓ ✓

Jones et al. [25] ✓ ✓

Urrejola et al. [39] ✓ ✓

Besson et al. [4] ✓ ≈

L
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tu
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s

Rodrigo et al. [34] ✓ ✓

Chiteka et al. [7] ✓ ✓

Yazdani et al. [41] ✓ ✓

Mejia et al. [26] ✓ ✓ ✓

Micheli et al., 2021 [27] ✓ ✓ ✓ ✓

Skomedal et al. [37] ✓ ✓ ✓

Deceglie et al., 2016 [12] ✓ ✓ ✓

Gostein et al. [19] ✓ ✓ ≈ ≈ ✓

Pavan et al. [33] ✓ ✓ ✓

O
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e
l

Diouf et al. [13] ✓ ✓ ✓ ✓

Thesis ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 2.1: Summarized analysis of related works
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The problem is the reliability and accuracy of such a model. Soiling is an extremely
complex process, with hundreds of potential parameters, including precipitation patterns
and concentrations of airborne particulate matter, contributing to its impact on PV systems
[29]. Rather than modelling the influence of each parameter to project the expected soiling
loss at a site, using the plant’s PV data to directly calculate production losses is much
simpler and more accurate [3]. Moreover, plant operators have direct access to their site’s
PV data. And so, it is considerably easier to follow data-driven algorithms to calculate
actual soiling loss, as presented in this thesis, instead of labouring to acquire external
data on all model parameters, only to determine an estimate of the soiling loss.

Continuing, the paper highlights additional problems, common to other lab studies
such as those by Chiteka et al. [7] and Yazdani et al. [41]. Estimations of soiling loss for
large-scale PV plants are based on data from small-scale experimental setups, including
soiling stations consisting of only 2 modules. Further, since these setups are strictly mon-
itored and perfectly maintained by the research team, the collected data is not subject to
noise and anomalies stemming from real-world conditions. Due to these differences, any
methodologies and results derived from lab studies cannot be representative of utility-scale
PV plants in the real world.

2.4.2 Operational Studies

Operational-level research focuses on analysis of large-scale data. For example, Mejia et
al. [26] quantified losses in efficiency of 186 residential and commercial PV sites due to
soiling, with results indicating upwards of 0.1% soiling loss per day for some sites. On
average, soiling loss was 0.00051% per day in efficiency, close to the 0.0007% daily loss
calculated in this thesis (Chapter 6). However, the results are calculated for dry periods
with respect to rainfall events observed at nearby weather stations. They do not consider
manual/scheduled cleanings and do not make any attempt to apply the calculated rates,
instead aiming to only quantify soiling loss at PV plants under natural conditions.

In addition, similar to all other operational-level papers, site-wide soiling losses are
calculated rather than per-module/per-block soiling losses. As explained earlier, soiling
varies across different areas of a single site, and an extensive analysis of area-specific soiling
losses is necessary to accurately reflect soiling conditions and schedule cleanings in specific
areas to save costs (as detailed in Section 4.4). This spatial variability of soiling is explored
briefly by Gostein et al. [19] with block-level soiling losses being calculated across a PV
plant (Figure 2.1), but further analysis and application is left to future studies. In this
thesis, we examine spatial variability of soiling thoroughly, calculating SCB-level soiling
losses (Appendix A Figure A.2) to schedule area-specific optimal cleanings.
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Figure 2.1: Relative soiling ratios showing spatial variation in plant performance, as pre-
sented in [19]

Finally, although noise/anomalies with the large-scale PV data are identified, the data-
cleansing methodology is very limited. Instead of robust systematic detection and resolu-
tion of noise, such as the techniques presented in this thesis (Section 4.1), large portions
of the noisiest site/days data are manually identified and excluded using thresholds [26].
This methodology is prone to mistakes and cannot reliably address all sources of noise.

2.4.3 Soiling Loss

All surveyed papers calculate soiling loss, but using a variety of techniques. We now
describe a soiling monitoring literature review by Bessa et al. [3] to discuss different
monitoring methods and soiling loss calculation algorithms in comparison to the thesis
work.

There are, in general, 3 classes of soiling monitoring approaches:

1. Soiling monitoring instrumentation - Involving installation of soiling stations and
sensors as discussed in Section 1.1.1

• This is expensive and requires regular maintenance from plant personnel [3]

2. Soiling estimation models - Studying the correlation between soiling and environ-
mental parameters as discussed in Section 2.4.1
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• Relatively lower accuracy than the other 2 methods [3]

3. Soiling extraction algorithms - Direct measurement of power output loss due to soil-
ing by analyzing PV system data

• Usually two steps: Detection of cleaning events and corresponding soiling inter-
vals, followed by calculation of soiling loss using data within the soiling intervals

Our approach to soiling loss calculation, namely the efficiency timeline segmentation
algorithm detailed in Section 4.3, can be classified as a soiling extraction algorithm. This
method is preferred for two reasons. First, no expensive soiling detectors are required,
as all values needed for calculations are already measured by PV system themselves [3].
Second, cleaning logs for PV plants are often unreliable or missing. Detecting cleaning
events directly from PV data eliminates the dependence on the plant’s O&M team to
maintain an accurate cleaning record. The caveat, however, is that thorough data-cleansing
methodology (Section 4.1) is necessary to avoid non-soiling related issues affecting the data-
driven calculations.

A well-known soiling extraction algorithm is the Stochastic Rate and Recovery (SRR)
model, which serves as the basis for many other adaptations [3]. This algorithm detects
cleanings based on positive changes in the performance metric. For instance, supposing we
examine efficiency timelines of PV modules, SRR would calculate deltas between efficiencies
of consecutive days and mark cleanings for outlier deltas ie. positive deltas larger than
Q3 + 1.5*IQR, where Q3 and IQR are the third quartile and interquartile range of all
deltas [11]. However, this method is prone to error with noise, such as day-to-day spikes
in efficiencies resulting in incorrect cleanings being detected. In the development of our
segmentation algorithm, we faced similar issues when initially trying to mark cleanings
based on increases in efficiency above threshold values. However, transitioning from this
value-based approach to the slope-based approach (tracking changes in efficiency slope
rather than the values itself) detailed in Section 4.3 proved to be more robust.

Adaptations of the SRR model have also been proposed, such as the algorithm by
Skomedal et al. [37], which tracks shifts in median values rather than day-to-day values.
However, a threshold parameter is still required to be manually tuned and calibrated
to the plant’s data [37]. No such site-specific parameters/thresholds are needed for our
segmentation algorithm, as instead of comparing changes in efficiency value, we simply
compare changes in the direction/sign of the efficiency slope.

Once the cleaning events have been identified, to determine soiling loss between clean-
ings, the SRR model uses the Theil-Sen Estimator to calculate slope and rate of daily
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soiling loss, as described by Deceglie et al. [12]. This is exactly the same soiling loss
calculation implemented in our segmentation algorithm, due to the Theil-Sen Estimator’s
effectiveness in the presence of outliers.

2.4.4 Cleaning Optimization

While every surveyed paper calculates soiling loss, some also apply these results to optimize
cleanings. Here, we explore different optimization approaches.

Micheli et al. [28] analyzed data from soiling stations in California and Arizona to
investigate the seasonal variability of soiling rates. Similar to most lab studies, the data is
small-scale and no data-cleansing methodology is provided. Once again, site-wide soiling
rates are calculated, rather than investigating per-module rates. However, while previous
approaches calculated annualized soiling rates, in this paper, seasonal dependence of soiling
rates is suggested and data from each month is examined separately to calculate monthly
soiling rates. In this thesis, we also respect time-of-year variability of soiling, and calculate
soiling rates for each soiling interval individually. Doing so allows for the use of only
the most recent soiling rates from the latest or current soiling interval. This results in a
more accurate representation of current soiling conditions for cleaning optimization, when
compared to using annualized rates.

A fairly naive optimization approach is proposed in the paper, simply determining the
day in which cleaning would have the highest positive impact on energy yield [28]. Here, no
economic analysis is conducted, and only a single site-wide cleaning scenario is considered,
rather than a cleaning schedule with multiple cleanings. Most importantly, cleaning is
again assumed to restore the PV system to full operational efficiency. In comparison, the
optimization approach proposed in this thesis (detailed in Section 4.4) considers multiple
area-specific optimal cleanings performed at different dates. These dates are determined via
cost-benefit analysis of cleaning costs and expected energy gains, which are calculated by
examining the quality of past cleanings rather than assuming 100% cleaning effectiveness.

In addition to the cost-benefit analysis used in this thesis, there are other, more com-
plicated economic metrics used to evaluate and determine the optimal cleaning schedule.
For example, many of the surveyed optimization papers ([27] [25] [39] [4] [34]) employ
varying financial models such as scheduling cleanings to maximize the Net Present Value
(NPV) [14] and the Levelized Cost Of Energy (LCOE) [6]. However, these metrics require
the input of many complex parameters which may not be available to plant operators. In
contrast, our optimization model is relatively straightforward and easily applicable.
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The thesis contributions, namely the data-cleansing methodology, the efficiency timeline
segmentation algorithm, and the cleaning schedule optimization via smart cleaning-benefit
calculations, address limitations found in existing works. Together, they constitute a novel
approach for utility-scale PV plant operators to effectively monitor, and mitigate, soiling
impact on plant production.
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Chapter 3

Dataset Overview

3.1 Data

We analyze data from a utility-scale PV power plant in southwest India. The plant com-
prises of 207,015 solar panels organized into strings, which consist of PV modules connected
in series. Power outputs from multiple strings are combined into one output by a string
combiner box (SCB) and outputs from multiple SCBs are then fed into inverters on route
to the utility grid. Figure 3.1 shows a typical PV plant unit.

Figure 3.1: Simple PV diagram
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There are 2 types of SCBs in the PV plant: seasonal and tracker. The two exhibit
different axes of movement. For seasonal SCBs, the tilt angle of the panels can be adjusted
freely, while for tracker SCBs, both the tilt and the orientation (rotation) of the panels can
be calibrated.

To collect PV data, a monitoring component is added to the SCBs which measures
performance-critical metrics such as power output, current, voltage etc. in real-time. For
our plant, this data is recorded from every SCB in 5-minute intervals starting at 00:00 on
Nov 1st 2020 and ending at 23:55 on April 30th 2021. The relevant fields from this dataset
utilized by the thesis work are:

1. meter id - ID of the SCB

2. time only and date only - time and date of the reading

3. Pwr DC scb - power output generated at the SCB

4. capacity scb - total capacity (size) of all modules connected to SCB

5. Hz Irr 1 pyrano / Tilt Irr 1 pyrano - horizontal and tilted irradiance incident
on pyranometer #1 located on-site

6. Hz Irr 2 pyrano / Tilt Irr 2 pyrano - horizontal and tilted irradiance incident
on pyranometer #2 located on-site

7. Module Temp pyrano - temperature at pyranometer located on-site

In total, the dataset comprises of 5-minutely readings taken from 480 SCBs, with each
SCB indicating performance of a different area/zone within the power plant. Figure A.1
in Appendix A visualizes the distribution of SCBs across the plant site. As discussed in
Section 2.2, this level of granularity within the data, ie. SCB-level as opposed to site-wide
measurements, is ideal as it allows us to analyze spatial variability in soiling losses across
the power plant and schedule area-specific optimal cleanings.

Note also that the irradiance and temperature measurements are not taken at the SCBs,
but rather by 2 different on-site pyranometers.

Along with the PV data, cleaning schedule information is also provided, indicating
cleaning dates and methods for the SCBs (excerpt shared in Appendix B). The relevant
fields from this dataset are:
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1. date - date of cleaning

2. meter tag - identifying the SCB which was cleaned

3. cleaning type - one of three values:

(a) ‘water cleaning’ = manual cleaning with water

(b) ‘dry cleaning’ = manual cleaning without water

(c) ‘rain cleaning’ = heavy enough rain occurred that manual cleaning was not
required

4. rainy day - one of three values:

(a) -1 = some rain occurred, but not enough to clean the panel

(b) 0 = no rain

(c) +1 = enough rain occurred to clean panel (may not be as clean as a manual
cleaning)

3.2 Step 1 - Tracking Soiling Losses

Following the research approach from Section 1.3.1 (Figure 1.5), the first step towards
an optimal cleaning schedule is to track soiling losses. However, simply measuring losses
in the power output is not sufficient. This is because the power output of an SCB can
vary depending on non-soiling related factors, particularly the irradiance input on the
panels. For example, a soiled module on a sunny day will generate more power than a
clean module on a dark day. A better indicator of PV performance is the SCB efficiency,
ie. the percentage of incoming irradiance that is converted into power. For a clean panel,
we expect the conversion efficiency to be at a maximum, and as soiling begins to deposit,
we expect the efficiency to gradually decline.

Therefore, using the available readings from SCBs, we first calculate day-to-day effi-
ciency values, with the end goal for this step being to develop an efficiency timeline
for each SCB. Then, by examining the timeline, we can extract key pieces of information
such as how fast the SCB is losing efficiency during the soiling intervals (ie. the soiling
losses/rate), when cleaning events occur and how much production gain they provide (ie.
the cleaning benefits), and which SCBs are being impacted the most at the moment (op-
timal targets for cleaning). Eventually, this information will be used as input to optimize
cleaning schedules of the SCBs.
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3.3 Efficiency Calculation

The basic efficiency calculation involves determining the ratio of irradiance converted to
power output. However, this ratio alone is not a complete measure of performance. There
are other non-soiling related factors, such as temperature and capacity, which also affect
the power output and thereby the efficiency. If we are to use changes in efficiency as
an indicator of soiling loss and cleaning gains, we must ensure that the only parameter
affecting efficiency is soiling. Thus, the extra factors should be considered and controlled.

Temperature

It is well known that temperature affects the performance of PV systems [24]. The PV
power temperature coefficient of the module, provided by the manufacturers, indicates how
strongly the power output depends on the module temperature. It is a negative number
since the power production decreases with increasing temperature [15]. For the PV mod-
ules in our solar plant, the standard operating temperature is 24◦C and the temperature
coefficient α = −0.25%◦C−1, indicating that for every ◦C above 24◦C the power output of
the modules will decrease by 0.25%. Since temperature will vary hour-to-hour and day-
to-day, each power reading will need to be temperature corrected before being compared
with the irradiance, in order for an accurate calculation of efficiency.

This correction is shown below, with Pmeasured = power reading, T = temperature reading,
and PT−corrected = temperature-corrected power output.

PT−corrected =
Pmeasured

1− α
100

(T − 24)
(3.1)

Capacity

Another factor affecting the power output is the capacity of the SCB, ie. the size of the
strings and modules connected to the SCB. For larger SCBs connected to more modules,
the power output will also be higher. With the power plant receiving similar amounts
of irradiance, a naive efficiency calculation will incorrectly record higher efficiencies for
higher capacity SCBs. Since we will be comparing efficiency loss across different SCBs,
this problem will directly impact results. Therefore, each power reading will be capacity
corrected, before being compared with the irradiance, in order for a fair and accurate
calculation of efficiency.

This correction is shown below, with Pmeasured = power reading, C = SCB capacity,
and PC−corrected = capacity-corrected power output.

22



PC−corrected =
Pmeasured

C
(3.2)

Overall Calculation

The overall efficiency calculation, with both temperature and capacity controlled, is
shown below, with E = calculated efficiency and I = irradiance reading.

E =
Pmeasured

I · [1− α
100

(T − 24)] · C (3.3)

We now have a formula to convert each 5-minutely reading, using the recorded power,
irradiance, temp, and capacity, into a performance metric - ie. efficiency. Since we have
corrected for all possible factors affecting the power output, except for soiling, this efficiency
should be a true indicator of PV performance and any shifts in its value can be safely
attributed to soiling loss alone.

What remains now is to aggregate these 5-minutely efficiencies into daily efficiencies,
creating a PV performance timeline. This is done in Section 4.1.2.

3.4 Inconsistencies in Data

The efficiency calculation formulated in the previous section is still missing one important
factor/parameter: noise! Despite correcting for all theoretical factors affecting power out-
put, anomalies in the data will still pose issues for accurate efficiency calculation. Any
noise in the measured signals can cause power output to be recorded incorrectly, skewing
the calculated efficiency and possibly resulting in incorrect soiling losses or cleaning events
being detected. Fortunately, noise encountered in PV datasets tends to follow recognizable
patterns correlating to real-world conditions. In this section, we aim to identify incon-
sistencies and determine their root causes, before presenting a complete data-cleansing
methodology in Section 4.1 to address them.

Identification

While working with the efficiency calculations and verifying the results, we noticed
several inconsistencies in the recorded PV data such as large power readings for low irradi-
ance measurements and vice versa. One instance is shown in Figure 3.2. Notice that when
comparing readings from times 13-40 to 13-45, we see a decrease in measured irradiance
(Hz Irr 1 pyrano) as well as an increase in measured temperature (Module Temp pyrano).
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Theoretically, this should result in a decrease in power production, but instead we observed
an increase in recorded power output (Pwr DC scb). This resulted in an abnormally large
efficiency value and a noticeable positive shift in the aggregated efficiency for the day com-
pared to surrounding days, which will skew soiling loss calculations and hinder cleaning
event detection.

Figure 3.2: Contradicting values of relative power and irradiance

Attributing this to some sort of glitch in the data measurement, we decided to inves-
tigate further by plotting daily irradiance and power readings together to examine their
correlation. While not all days’ plots reflected these inconsistencies, one particularly noisy
plot is shown in Figure 3.3.

Notice that once again, there are increases and decreases in power output (spikes and
dips in the plot) without corresponding shifts in the irradiance measurement. However,
with the plot it’s obvious that the major issue isn’t the lack of the corresponding shifts,
since they do seem to be present, but rather their position in relation to the power output
updates. While ideally, power and irradiance should mirror one another very closely, here,
it appears that the spikes and dips in one value appear slightly before or after the other’s.
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Figure 3.3: Noisy irradiance and power readings for Nov 14, 2020

This suggested a possible time-shift synchronization issue between the pyranometer’s
irradiance readings and the SCB’s power readings.

Root-Cause

While a calibration issue between the pyranometer and SCB seems likely, let’s revisit
the observations from the data and plots:

• An increase/decrease in either irradiance or power, without a corresponding update
in the other

• An increase/decrease in either irradiance or power with a delayed update in the other

• Only some days exhibited these inconsistencies while others seemed unaffected

With these observations in mind, we determined the root cause of the noise to be
micro-weather conditions ie. uneven cloud cover causing uneven shadowing across areas of
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the PV plant. Specifically, some parts of the plant may be overcast by clouds while other
parts see clear skies. Remember that the irradiance measured is not incident on the SCB
modules, instead it is measured by a pyranometer in a different location of the plant.

As such, the pyranometer may be shadowed, lowering measured irradiance, while the
SCB is not, leaving measured power unaffected, and vice versa (Figure 3.4). This would
lead to the conflicting recordings of irradiance and power output we observed. This also
explains why some days (being cloudy) showcased these inconsistencies while other days
(being clear) did not. Further, cloud cover could pass over the pyranometer and SCB
at different times, shading one before the other and vice versa, which explains the mis-
aligned/delayed patterns in the irradiance and power plots.

Figure 3.4: Micro-weather conditions relating to cloud cover causing uneven shading of PV
plant

In comparison, a possible time-shift synchronization issue between the pyranometer
and the SCB recordings cannot explain the lack of noise on some days vs others, since a
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time-shift in the values should consistently affect all readings. It also cannot explain the
changes in irradiance/power without a corresponding change in the other, as a time-shift
should just delay the corresponding update rather than remove it completely.

How to Address This

A clean efficiency timeline, free of noise/anomalies due to micro-weather conditions, is
necessary if we are to extract meaningful and accurate results. Data points affected by
this issue must be systematically detected and either adjusted or excluded to mitigate their
impact on efficiency calculations.

We present a complete data-cleansing methodology in Section 4.1, which addresses the
major anomalies caused by uneven cloud cover as well as other more minor issues.
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Chapter 4

Methodology

4.1 Data-Cleansing Methodology

Here, we present several data-cleansing techniques applied to the PV dataset to help ad-
dress issues caused by noise/anomalies and generate clean efficiency timelines.

4.1.1 Data Filters

The first method we employed was to restrict the data used for efficiency calculations. Two
different types of data filters, listed below, were applied to the dataset readings.

1. Time of Day - Restricted to readings taken between 10 am - 2 pm to filter for
peak power production, avoiding early morning and late evening conditions which are
particularly foggy and cloudy, and instead focusing on hours receiving direct sunlight
without diffraction/diffusion [8].

2. Power > 0 and Irradiance > 600 - To avoid any glitches with readings where
pyranometer was out-of-order to re-calibrate or SCB was not recording any power,
ie. operational errors; also focusing on readings with peak irradiance levels

This ensures that the remaining data is free of any obvious operational errors, before
we move on to addressing more complicated issues in the following sections.
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4.1.2 Cumulative Efficiency Ratios

In Section 3.3, we calculated 5-minutely efficiency values. To plot a day-to-day efficiency
timeline, we need to aggregate these values into daily efficiencies. However, with the
micro-weather conditions skewing calculations, the aggregation must avoid the influence of
erroneous efficiencies on the daily result.

Initial Attempts

• Mean - Calculating daily efficiency by averaging all 5-minutely efficiency values for
the day

• Median - Calculating daily efficiency by taking the median of all 5-minutely efficiency
values for the day

• Smoothing - Before calculating the daily mean or median, adjust/smooth each 5-
minutely efficiency value using adjacent readings to account for sudden bursts of
cloud cover only in effect for small periods of time

Final Version

While the initial attempts displayed varying degrees of effectiveness, the most success-
ful attempt at generating clean efficiency timelines with daily aggregated values was the
calculation of cumulative efficiency ratios.

Rather than calculate 5-minutely efficiency from individual 5-minutely power readings
and then aggregate into a daily result, we instead calculated the daily efficiency directly
from the cumulative power and irradiance readings for the day. This formulation of daily
efficiency is shown below.

For each 5-minutely reading, we first calculate the temperature and capacity corrected
power output (Pcorrected) using Equations 3.1 and 3.2 as explained in Section 3.3. Then
we calculate daily efficiency (Eday) by determining the cumulative ratio between corrected
power and irradiance for the day.

Eday =

∑
day Pcorrected∑

day I
(4.1)

In calculating daily efficiency using the total power output and total irradiance input
during the day, we minimize the impact of outliers on the final result. With cumulative
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ratios, outlier readings will be combined with all other readings for the day before being
used in efficiency calculations, thereby limiting their influence on the final result.

This method also has the added advantage of accounting for the delayed updates in
power vs irradiance due to cloud cover (Figure 3.4). For instance, even if there is a delay
in corresponding spikes, both will be included in the day’s summations for power and
irradiance, and thus reflected in the final efficiency calculation.

4.1.3 Cloudy Day Detection

While cumulative efficiency ratios certainly minimize the impact of noisy readings, on some
particularly cloudy days this impact cannot be avoided and the efficiency calculations are
heavily distorted. We must look to exclude these days completely from our day-to-day
efficiency timelines, else risk miscalculations of soiling loss and incorrect cleaning event
detection.

Detecting cloudy days with high noise impact is not a trivial matter. For example,
visually, the cloudy days are obvious by looking at plots of power and irradiance readings
and identifying days with jagged curves indicating shading as opposed to smooth curves
indicating clear skies. What is not so obvious is whether a cloudy day will produce noisy
readings. It is possible, on a cloudy day, for the pyranometer and modules of an SCB to be
equally shaded, meaning every dip in power output will be mirrored by a dip in irradiance.
Readings such as these will not result in noisy calculations and must not be excluded even
though they are produced on a cloudy day.

Correlation Coefficient

With this line of reasoning, we look for a metric not simply to detect cloudy days but
rather to determine the impact of the cloudiness on the correlation between power and irra-
diance ie. the quality of the readings. This is exactly the purpose of the correlation coefficient.

The daily correlation coefficients between power and irradiance, bounded between −1
and 1, should give an accurate measure of the noise impact of clouds on distorting the power
and irradiance readings. By using the correlation coefficient as our metric, we calculate
the level of similarity and correspondence/alignment between the power and irradiance
curves, which is directly affected by micro-weather conditions being different over the
SCB’s location vs over the pyranometer’s location.

The correlation coefficients for a clear day with minimal noise vs a cloudy day with
high noise impact are shown in Figures 4.1 and 4.2.
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Figure 4.1: Clear day with good correlation coefficient = 0.998

Figure 4.2: Cloudy day with poor correlation coefficient = 0.764
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Figure 4.3: Partially cloudy day with good correlation coefficient = 0.996

In comparison, Figure 4.3 shows the correlation for a partially cloudy day. Note here
that even if there is some jaggedness in the curves, indicating cloud cover, as long as the
power values are aligned nicely with the irradiance changes (ie. the cloud cover affects
both the SCB and pyranometer locations similarly), then the correlation coefficient is still
high. This is exactly what we required. Since readings from this partially cloudy day will
not distort the efficiency calculations despite the cloud cover, they should not be excluded
and that is exactly what the correlation coefficient reflects.

Threshold

Having decided that the correlation coefficient is a suitable metric for determining noise
impact, we must now decide on a threshold for excluding particularly noisy days. In prin-
ciple, a correlation coefficient score above 0.7 or 0.8 typically indicates strong correlation.
In practice, examining the scores from the dataset we found the majority of correlation
coefficients falling between 0.85 - 1. Therefore, we decided on a cutoff of 0.8, excluding
data from days with correlation coefficients below this score. This proved to be effective
in limiting the impact of noise.

Note that different sets of cloudy days are excluded for each SCB. This is because SCBs
experience different levels of cloudiness and noise impact on power readings, depending on
their location relative to the pyranometer.
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4.1.4 Best-Fit Pyranometer Measurements

Motivation

Recall from Section 3.1 that we have irradiance measurements recorded from 2 pyra-
nometers at different locations on the plant site, with a total of 4 irradiance readings listed
below:

• Hz Irr 1 pyrano - horizontal irradiance incident on pyranometer #1

• Tilt Irr 1 pyrano - tilted irradiance incident on pyranometer #1

• Hz Irr 2 pyrano - horizontal irradiance incident on pyranometer #2

• Tilt Irr 2 pyrano - tilted irradiance incident on pyranometer #2

Given that the noisy readings result from varying levels of cloud cover over the SCB
modules vs over the pyranometer, it may be possible to exploit the multiple irradiance
readings.

Since the 2 pyranometers are in different locations, the irradiance reading from one
pyranometer may be a better fit for some SCBs’ power readings. For example, power
readings from SCBs closer to pyranometer #1 will likely exhibit better correlation with its
irradiance readings compared to the readings from the further away pyranometer #2. This
is because cloud cover will affect both pyranometer #1 and its nearby SCBs similarly.

To verify this theory, we plotted power-irradiance curves for SCB 454 on Nov 13, 2020
using different pyranometers. The two plots are shown below in Figures 4.4 and 4.5.
Clearly, SCB 454 exhibits better correlation (score of 0.866 vs 0.986) with pyranometer
#2’s readings.

In addition to the relative location between an SCB and the pyranometers, the SCB
type in comparison to the type of the irradiance reading can also be a factor. Recall from
Section 3.1 that there are 2 types of SCBs in the PV plant: seasonal and tracker, with
different axes of movement regarding tilt and orientation. Depending on the SCB type,
certain irradiance measurements (Tilted vs Horizontal) from different pyranometers could
exhibit better correlation. Therefore, a data-driven analysis to determine the best-fitting
measurement for each SCB is certainly warranted.
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Figure 4.4: SCB 454 Power Output with Hz Irr 1 pyrano Irradiance Readings

Figure 4.5: SCB 454 Power Output with Hz Irr 2 pyrano Irradiance Readings
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Approach

Ideally, we want to analyze the daily correlation between an SCB’s power readings
and each of the 4 irradiance readings, such that for each SCB, on each day, the best-suited
irradiance reading is used for efficiency calculations. However, alternating between different
irradiance measurements for different days in an SCB’s efficiency timeline will introduce
variance, modifying the efficiency calculations each time a different pyranometer is chosen.

Instead, we decided to evaluate each irradiance reading for best fit to an SCB’s power
data over the entire timeline. For each SCB, the single best-fitting irradiance reading is
then used to calculate efficiency for all days.

Implementation (Metrics)

To evaluate the different irradiance measurements, we experimented with several met-
rics listed below.

• Root Mean Square Error (RMSE) between normalized SCB powers and irradiance
readings

• Wasserstein (Earth Mover) Distance between normalized SCB powers and irradiance
readings

• Correlation coefficient metrics - Calculating daily scores between SCB powers and
irradiance readings, then:

– Choosing the irradiance measurement which correlates best on majority of days

– Choosing the irradiance measurement which has a score of at least 0.8 for the
most number of days (ie. contributes the most clean data to efficiency timeline)

– Choosing the irradiance measurement with the highest average daily score

Each of these metrics was tested and found to produce similar distributions of best-
fitting irradiance measurements. Thus, which metric to use is not too important. Rather
the key insight here is that we need to consider the different available irradiance measure-
ments, instead of naively using one.

For this thesis, the 4 irradiance readings were evaluated using the correlation coefficient
metric which chooses the measurement producing a score of at least 0.8 for the most
number of days. Different SCBs fitted best with different irradiance readings, although
Hz Irr 2 pyrano and Tilt Irr 2 pyrano were the best fit for the majority of SCBs.

Note that once the best-fitting irradiance reading for an SCB is determined, it is the
one used for cloudy-day detection, as well as efficiency calculations, to produce a clean
efficiency timeline.
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4.1.5 Summary

Combining the efficiency calculations in Section 3.3 and the techniques discussed above,
we form a complete data-cleansing methodology.

Applied to any PV dataset, it can systematically identify and resolve non-soiling related
noise impacting data-driven calculations. Further, insights from the encountered micro-
weather conditions, as well as the techniques developed to address them, will prove useful
for plant operators aiming to analyze their own datasets.

In the thesis, this data-cleansing methodology was applied to generate clean efficiency
timelines for each SCB (see Section 5.2 for an example), successfully completing the first
step of our research approach (Section 1.3.1 and Figure 1.5).

4.2 Human-Recorded Cleaning Logs

4.2.1 Step 2 - Segmenting the Efficiency Timelines

The second step towards an optimal cleaning schedule is to segment the efficiency timelines
into cleaning and soiling intervals by determining when cleaning events occurred. Once we
have a list of cleaning dates for each SCB, their efficiency timelines can be divided into
periods of soiling, where efficiency deteriorates, and periods of cleaning, where efficiency
improves. This extracts both soiling losses and cleaning benefits from the timelines, which
are used to optimize the cleaning schedules of each SCB.

Fortunately, along with the PV dataset for the solar plant, we are also provided with
cleaning logs, indicating cleaning dates and methods for the SCBs, as detailed in Section
3.1. Unfortunately, any human-recorded input cannot be 100% reliable. In this section, we
explore the cleaning log dataset and analyze its reliability. In the next section, we study
an alternative method for cleaning event detection driven by the PV data itself.

4.2.2 Unreliable Recording of Cleaning Events

Using the provided cleaning logs, we divided the efficiency timelines of each SCB into
multiple soiling intervals. Analyzing the efficiency over the course of these soiling intervals
we noted various instances of unexpected behaviour, indicating the unreliability of the
cleaning logs.

Findings
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• Cleaning event recorded for an SCB on a given date, but no noticeable efficiency
improvement in timeline

• Noticeable efficiency improvements in timeline, but no cleaning event recorded for
the SCB during those time periods

Overall, the cleaning logs seemed riddled with false positives and false negatives as
indicated by the above observations. All findings pointed towards the unreliable recording
of cleaning events by the cleaning crew.

Statistical Analysis

In light of these observations, we decided to investigate further. Looking at all records,
we performed a statistical analysis to evaluate the accuracy of the cleaning logs. Specif-
ically, we tracked the fraction of recorded cleanings actually resulting in a corresponding
increase in the efficiency timeline, as well as the total possible missed cleaning events.

Tallying the cleaning logs across all SCBs, we found that 75% of the recorded cleanings
do correspond to efficiency increases in the timeline (true positives), while 25% do not (false
positives). As well, there were numerous instances identified where efficiency improved
without any record of a cleaning event (false negatives). In many of these cases, recorded
cleanings were instead found in the logs of neighbouring SCBs. This suggests that the crew
cleaned a group of SCBs, while only recording the cleaning in one SCB’s log.

Regardless of the exact numbers, these findings and subsequent investigations confirm
the poor quality of the cleaning logs. Whether due to a lack of attention to detail from the
cleaning crew or an error in data recording, it is obvious that the human-recorded cleaning
logs are unreliable, with incomplete, missed, or blatantly incorrect records.

4.3 Data-Driven Segmentation Algorithm

4.3.1 Motivation

There are two drawbacks of using human-recorded cleaning logs:

• Reliability - Mistakes and oversights from the cleaning crew will result in unreliable
cleaning logs with incorrect and missed recordings.

• Availability - With some PV plants the logs may not even be maintained in the first
place!
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If we continue as is, using the cleaning logs to determine cleaning events, the timelines’
division into soiling and cleaning intervals would be inaccurate. This inaccuracy would
propagate to the downstream calculations of soiling loss and cleaning gains, resulting in a
sub-optimal cleaning schedule and lost profit for the plant owners and operators. There-
fore, an accurate segmentation of the efficiency timelines, without dependence on provided
cleaning logs, is critical to our research problem.

Visually inspecting the patterns in the timelines, it’s not too difficult to determine when
cleanings must have occurred. As such, a data-driven algorithm should be able to analyze
trends in efficiency and detect cleaning events.

Ultimately, the PV data is the only source of truth, revealing the complete cleaning
schedule of each SCB as patterns in its efficiency timeline. So rather than using human-
recorded cleaning logs as a proxy, we develop an algorithm capable of recognizing these
patterns directly from the PV data itself.

4.3.2 Initial Attempts

We experimented with two initial data-driven approaches:

• Efficiency Thresholding - Identifying efficiency increases in the timeline greater than
a threshold value and marking them as cleaning events

• Change Point Detection (CPD) Algorithm - Iterating through efficiency timeline and
at each data point predicting the next data point’s value using the slope (Theil-Sen
Estimator) of the past points

– If the difference between the predicted value and the actual value is in the
upwards direction and greater than some threshold, mark as cleaning event
(change point)

Limitations

While these techniques generated reasonable cleaning schedules for the most part, the
cleanings detected weren’t always accurate. For instance, both methods performed poorly
in many edge cases such as gradual or back-to-back cleanings ie. cleanings performed
for an SCB over multiple consecutive days (perhaps due to extended rainfall). In these
cases, cleanings either were not detected, because the overall cleaning efficiency increase
was broken into multiple smaller increases which avoided detection from the threshold (see
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Figure D.1 in Appendix D for an example), or if they were detected, cleaning was only
marked for the first day, rather than the entire cleaning period.

Further, each of these methods requires threshold calibration which is not practical.
With the various cleaning methods for different PV plants, it is impossible for one threshold
to apply correctly for all cleanings, even if the threshold is tuned for site-specific data. If
the threshold value is too small, outlier data or noise may be identified incorrectly as
cleanings. On the other hand, if the value is too large, some cleanings will be missed.

However, while these approaches alone did not work as needed, together their underlying
ideas contributed towards development of the final data-driven segmentation algorithm.

4.3.3 Final Version

Description

The final version involves segmentation of the efficiency timeline into generally up-
sloping (ie. cleaning) and generally down-sloping (ie. soiling) intervals. Specifically, the
algorithm iterates through the timeline, monitoring Theil-Sen slopes of a moving window
of points. Whenever there is a change in direction of the slope (between the previous
windows and the current window), a change-point is marked, indicating the beginning of
a cleaning interval (if the slope changes from downwards to upwards) or the beginning of
a soiling interval (if the slope changes from upwards to downwards).

Compared to the initial value-based threshold approaches (Section 4.3.2), this slope-
based approach is much more robust. For example, instead of comparing deltas between
individual efficiency values, we now examine directional changes in slope of multiple effi-
ciency values. This means that calibrating specific threshold values to fit all data points is
no longer needed, and only the monitoring of the slope’s sign between positive and nega-
tive is required. Moreover, problematic outliers in the timeline are safely ignored, because
while the delta between values will signal incorrectly, the direction of the Theil-Sen slope
will remain unaffected (Figure 4.7). Instead of being thwarted by a single anomaly, our
slope-based algorithm will only signal when multiple points begin trending in the other
direction. Finally, the gradual back-to-back cleanings plaguing our initial approaches are
also addressed, being grouped together into a cleaning interval as a generally up-sloping
period (Figure 4.6).

Implementation Details

The algorithm requires 2 parameters:

39



• Window Size - This is the number of points to use when calculating slopes. We
set this to 5 (based on trial and error) which was adequate in identifying gradual
cleanings while also detecting 1-day cleanings.

• Choice of Slope Calculation - Between the Theil-Sen Estimator and Linear Regres-
sion best-fit, Theil-Sen slopes were more effective in the presence of outliers and thus
chosen as the method for slope calculation.

To segment an efficiency timeline, the algorithm takes the following steps (code shown
in Appendix C):

1. Determine the initial slope direction for the 1st window of points beginning from the
1st data point, labelling it as the previous slope direction

2. Move to the 2nd data point

3. Determine the slope direction in the current window of points, beginning from the
current data point

4. If the previous and current slopes have different directions:

(a) Mark the minimum point in the current window (if the slope changes from
downwards to upwards) or the maximum point in the current window (if the
slope changes from upwards to downwards) as a change-point

(b) Skip to the change-point and set the previous slope direction to the current
slope direction

Else continue to the next point

5. Repeat from Step 3

Figure 4.6 shows the general detection of change-points under a typical soiling-cleaning-
soiling efficiency pattern observed in the timelines.

Note that from the 1st data point, the slope is calculated to have a downwards direction
(soiling). This remains the case for the subsequent windows of points, until Window 1 as
highlighted in the diagram. For this window of points, labelled in red from 1-5, the Theil-
Sen slope changes direction from downwards to upwards. The minimum point in this
window, labelled in green, is marked as a change-point and the current slope direction
becomes upwards (beginning of cleaning). The slope remains upwards until Window 2 as
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Figure 4.6: Algorithm behaviour for a typical efficiency pattern indicating cleaning interval

highlighted in the diagram. For this window of points, labelled in orange from 1-5, the
Theil-Sen slope changes direction from upwards back to downwards. A change-point is
marked at the maximum point in this window, labelled in green, and the current slope
becomes downwards (back to soiling), remaining so for the rest of the timeline.

Notice also that marking change-points as the minimum or maximum points in the
window allows us to track the exact end-points of the soiling and cleaning intervals in cases
where a change in slope may be detected before the peak or trough points are reached.

Continuing, Figure 4.7 showcases a common outlier amongst an otherwise normal soiling
timeline.

Naive value-based threshold methods, which compare differences between individual
data points, are likely to mark this jump in efficiency as a cleaning event. Smarter value-
based techniques, such as the existing soiling extraction algorithms discussed in Section
2.4.3, may ignore this outlier but mis-characterize other outliers where the value of the
threshold is not perfect. In contrast, since the direction of the Theil-Sen slope remains
downwards throughout the timeline, despite the spike in efficiency our algorithm will not
prematurely mark a cleaning event. Of course, if the increase in efficiency is persistent with
multiple high-efficiency points following the initial spike, the slope will change to upwards,
and the algorithm will mark a cleaning event. As such, when compared to the change in
value, the change in direction of slope is much more reliable and robust.
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Figure 4.7: Erroneous spike in efficiency timeline, safely ignored by our algorithm

Summary

Figure 4.8 shows an example of a segmented efficiency timeline following our data-driven
algorithm.

Notice that the identified cleaning (marked in green) and soiling (marked in red) in-
tervals follow exactly from the visible efficiency patterns in the data. We also see that
the algorithm is robust to minor ups-and-downs throughout the timeline, with generally
up-sloping and generally down-sloping segments accurately detected.

We now have a completely data-driven method to detect cleaning events and segment
the efficiency timeline generated in Step 1, without depending on the unreliable human-
recorded cleaning logs. This successfully completes the second step of our research approach
(Section 1.3.1 and Figure 1.5)
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Figure 4.8: Segmented Efficiency Timeline Example

4.4 Step 3 - Cleaning Schedule Optimization

Given an accurate segmentation of each SCB’s efficiency timelines, all that remains is
extracting the soiling losses from the soiling intervals and the cleaning gains from the
cleaning intervals. Once we have calculated these values for each SCB, we can then generate
a profit function for optimization, which compares the cleaning cost with the cleaning
benefit while accounting for any upcoming rainfall events.

In this section, we detail the smart-estimation of cleaning gains based on past cleaning
intervals, develop a total cleaning benefit model considering rainfall events, and perform
cost-benefit analysis to schedule cleanings which maximize profit.
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4.4.1 Extraction of Key Information

For each SCB, by examining its segmented efficiency timeline, we extract information on
soiling loss and cleaning gains.

• Soiling Loss - For each soiling interval in the timeline, we calculate the Theil-Sen
slope of all the enclosed efficiency points. This slope is the soiling rate of the SCB for
the time period defined by the soiling interval, representing the daily loss in efficiency
due to soiling.

• Cleaning Gains - For each cleaning interval in the timeline, we calculate the increase
in power production from the start-date to the end-date of the interval. This increase
is the cleaning gain for the time period defined by the cleaning interval, representing
the power production impact of cleaning.

Expected Cleaning Gain

The expected cleaning gain for an SCB is then defined as the average cleaning gain of all
cleaning intervals in the past 60 days, accounting for any seasonal dependence. However, if
the SCB is currently being cleaned, this latest cleaning interval is ignored to avoid smaller
production gains due to unfinished cleaning.

Note that predicting future gains with 100% accuracy is not possible. Our method is
still only an estimate, with limitations discussed in Chapter 6. However, since we consider
the possibility of imperfect cleanings by the cleaning crew and judge the expected gain
based on patterns in power production gains experienced from past cleanings, this is a
much more knowledgeable estimate than existing methods, which assume cleaning gain =
soiling loss.

Per-SCB Calculations

The soiling losses and expected cleaning gains are calculated for each SCB individually
(Appendix A Figures A.2 and A.3), allowing for analysis into the spatial variability of
soiling and area-specific optimal cleanings.

4.4.2 Cleaning Benefit Model

With the expected cleaning gains calculated for each SCB, there is still one more step
before cost-benefit optimization - total cleaning benefit calculations.
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Suppose we were to clean an SCB today. Not only would we observe power production
gains today, but also for every day thereafter, when compared to the production of the
same SCB had it not been cleaned. This benefit is visualized in Figure 4.9.

Figure 4.9: Cleaning Benefit Model

Without cleaning, the power production of an SCB is expected to degrade (shown in
red) due to soiling. With cleaning, we expect to observe an increase in power production
equal to the expected cleaning gain (dotted green line). After cleaning, the SCB will again
be exposed to soiling and power production will degrade (solid green line) according to
the soiling rate. However, the cleaned production timeline will maintain higher levels of
production over the soiled timeline, with the difference being equal to the expected cleaning
gain. As such, the total benefit of cleaning will be the accumulated gains in power
production over the entire course of the timelines (shaded blue area), barring any other
production-altering events.

Now, rainfall is one such production-altering event which will impact the total cleaning
benefit. For simplicity, we assume a rainfall event will raise efficiency to the maximum
power production, stopping the accumulation of cleaning gains. In this case, the total
cleaning benefit will be given by the orange shaded area.
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Of these two areas, we decided to use the area restricted by rainfall as the cleaning
benefit, simply because accounting for rainfall is an important element in cleaning opti-
mization. Practically, it is unreasonable to consider an end to these timelines with power
production reaching 0 as shown in the diagram. Based on calculations from our dataset,
we determined that with the current soiling rates, it would take over 200 days for the SCBs
to stop producing power and so it is safe to assume a rainfall event will occur before then.

This cleaning benefit model does not directly incorporate the soiling loss (power pro-
duction losses due to soiling), instead only using the cleaning gains (power production
gains from cleaning). However, notice that the cleaning gain implicitly includes the soiling
loss, with the size of the gain depending on how much production was lost originally due
to soiling. The key insight here is that using the cleaning gain, rather than the soiling
loss alone, allows us to also consider the impact of unreliable cleanings, while implicitly
accounting for soiling loss.

4.4.3 Cleaning Profit Calculation

Profit Function

With a cleaning benefit model in place, we now formulate a profit function (Equation
4.2) defining the profit from cleaning today, based on a cost-benefit analysis.

Profit = GDR− C

where: G = expected kWh gain from cleaning

D = number of days till rainfall

R = PPA conversion rate from kWh to $
C = cleaning cost of any SCB

(4.2)

G represents the expected cleaning gain (in kWh) calculated by averaging power pro-
duction gains from the past 60 days of cleaning intervals, as detailed in Section 4.4.1. The
remaining parameters are all user input. D represents the expected number of days till
rainfall, which is input by plant operators. This can be determined using meteorological
data. R represents the conversion rate from kWh to $ based on the power purchase agree-
ment (PPA) agreed upon between the plant owners and the purchaser. This is value paid
(ie. revenue earned) for every kWh of power produced. Finally, C represents the cleaning
costs of an SCB. This can vary site-to-site dependent on cleaning methods, labour wages
etc.
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Details

While R and C are typically constant values, G and D can vary, taking on a range of
values depending on SCB type, capacity, plant location etc.

The term of interest is GD, which represents the gain in power production summed
across the days until rainfall ie. the total cleaning benefit in kWh when an SCB is cleaned
vs not cleaned. With the other parameters being constant, this term dictates the profit
from cleaning. The relationship between G and D, as well as their impact on profit is
examined in Section 4.4.4. Figure 4.10 shows a visualization to help understand GD.

Figure 4.10: Cleaning Benefit Area Calculation

Note here that we assume cleaning due to a rainfall event will bring the SCB back to
the maximum production level. With this in mind, we can simply sum the kWh gains until
the rainfall event to estimate the total cleaning benefit (in kWh), GD.

Another important calculation is the estimation of the expected kWh gain G when
the SCB is cleaned. As explained earlier, to determine its value we look back at previous
cleanings and average their resulting gains. However, we cannot naiively apply this gain
since there is a maximum limit to how much power an SCB can produce. To account for
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this, we use past data to determine the maximum daily power production of the SCB and
then calculate the expected kWh gain as detailed in Equation 4.3.

G = min{ḡ, Pm − Pc}
where: G = expected kWh gain from cleaning

ḡ = average kWh gain from past cleanings

Pm = maximum power production

Pc = current power production

(4.3)

This ensures G accounts for the maximum possible power production and does not
exceed it.

Optimizing Today’s Cleaning Decisions

With the profit function defined, optimizing cleaning decisions is relatively straightfor-
ward. Specifically, the following cases, regarding cleanings scheduled for today, are solved:

• For a given SCB, is it beneficial to clean today? - Yes, if the profit is positive, oth-
erwise No

• If cleaning is to be performed today, which SCB should be prioritized? - Compare the
profits from cleaning for all SCBs and choose the SCB with maximum profit

• Is it beneficial for all SCBs to be cleaned (site-wide cleaning) today? - Sum profits
from cleaning for all SCBs. Some will lose money (for example if they’ve just been
cleaned), while others are profitable. If the total profit is positive, then Yes else No

Further, since profit is calculated per-SCB, plant operators can gain more detailed
insights on cleaning different areas of their plant. For instance, suppose a cleaning is
scheduled for today, but the cleaning crew can only finish cleaning half of the plant - either
the northern side or the southern side. In this case, plant operators can simply total profits
from SCBs on each side and target the more profitable side. This level of insight would
not be possible if we had calculated site-wide results.

Determining Optimal Cleaning Dates

As detailed, by using an SCB’s current data we can calculate profit if the SCB were to be
cleaned today, and perform immediate optimizations such as deciding whether to clean
today, which SCB to target etc. However, looking ahead to the future and determining the
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optimal cleaning date with maximum profit requires simulation of the SCB’s performance
and projection of profits from future cleanings.

We explore simulations of profit and its dependence on key parameters in Section 4.4.4.
In Section 4.4.5 we apply the simulation to calculate optimal cleaning dates.

4.4.4 Simulations to Understand D and G

Description

Pending rainfall events complicate profit calculations, offering the possibility of cleaning
at no cost. In these cases, it is unclear exactly when to clean or whether to clean at all.
For example, suppose we’ve just cleaned an SCB and the next rainfall event is forecast to
be 15 days away. Of course cleaning very soon thereafter would not be profitable as the
SCB would not be sufficiently soiled. Similarly, cleaning too close to the date of rainfall
would also be sub-optimal, as rain provides free cleaning. Perhaps exactly in the middle
would work or perhaps it is optimal to not clean at all? It is intriguing to observe cleaning
profit in these cases and determine the optimal action.

In this section, we simulate the above scenarios and examine how different parameters
(D and G) affect profit. Specifically, we project the profit from cleaning on each day, from
the day just after an SCB has been cleaned, till the day of rainfall. This allows us to
observe the relationship between D and G and its impact on 1. the total cleaning benefit
(GD) and 2. the profit.

The plot we generate should help plant operators visualize when there is no benefit
from cleaning (sub-optimal), when there is some benefit from cleaning (fair), when that
benefit is the largest (optimal), and how that benefit declines as we approach the rainfall
event. In addition, by varying the days till rainfall, we can understand its effect on cleaning
profit.

Calculations

Recalling Equation 4.2, the profit is directly proportional to D and G, with R and C
being constants.

Now, consider an SCB which has just been cleaned, with a long period (D) until the next
rainfall. Since D is at its maximum, we will be accumulating gains G over a long period of
days and naturally we would expect the cleaning benefit area to be large. However, from
Equation 4.3 we see that G will be very small since we do not expect a large power gain
from cleaning with the SCB having just been cleaned and currently producing power at
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near maximum levels (the minimum term in Equation 4.3 will be Pm−Pc). Thus, the total
cleaning benefit, ie. the area GD, will be relatively small (Figure 4.11 Day 0), resulting in
minimal, possibly negative profit with the cleaning costs outweighing the benefit.

As days pass and power production Pc decreases day-by-day due to soiling, the expected
cleaning gains G increase (Pm−Pc grows larger in Equation 4.3). However, D decreases by
1 every day. Overall, the area of GD (Figure 4.11 Day 15) will grow larger as the relatively
large increase in height will outweigh the relatively small decrease in width. As a result,
we expect the profit value will increase initially after cleaning. Note that we expect profit
to increase quadratically due to a constant increase in G and a constant decrease in D
leading to linear 1st differences. This is shown via sample calculations in Table 4.1 on the
next page.

Eventually the effect of the decrease in D (nearing rainfall event) outweighs the effect
of the increase in G and the cleaning benefit area starts to decrease (Figure 4.11 Day 30),
leading the profit to decrease as well. At one point, Pm − Pc will grow to be larger than ḡ
causing G to take on the constant value of ḡ (see Equation 4.3). Thus, the expected gains
from cleaning will just equal the average gains from the past. With G constant, and D
still decreasing by 1 every day, we expect the profit to move from a quadratic shape to a
linear one.

Figure 4.11: Progression of GD as we approach rainfall

Table and Plot Results

Key values from the simulation are shown in Table 4.1 and the corresponding profit
curve is shown in Figure 4.12.
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Days Since Cleaning ḡ Pc Pm − Pc G D GD GDi −GDi−1

0 1500 13000 0 0 15 0 -
1 1500 12850 150 150 14 2100 +2100
2 1500 12700 300 300 13 3900 +1800
3 1500 12550 450 450 12 5400 +1500
4 1500 12400 600 600 11 6600 +1200
5 1500 12250 750 750 10 7500 +900
6 1500 12100 900 900 9 8100 +600
7 1500 11950 1050 1050 8 8400 +300
8 1500 11800 1200 1200 7 8400 0
9 1500 11650 1350 1350 6 8100 -300
10 1500 11500 1500 1500 5 7500 -600
11 1500 11350 1650 1500 4 6000 -1500
12 1500 11200 1800 1500 3 4500 -1500
13 1500 11050 1950 1500 2 3000 -1500
14 1500 10900 2100 1500 1 1500 -1500
15 1500 10750 2250 1500 0 0 -1500

Table 4.1: Profit Calculations

Figure 4.12: Cleaning Profit Timeline for 15 Days Till Rainfall
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The GDi−GDi−1 column of Table 4.1 expresses the change in GD showing its quadratic
and linear sections from Figure 4.12.

Overall, plant operators should be wary of cleanings too close to rainfall or too close to
the recent cleaning date which result in losses. Cleanings scheduled in-between will result
in profit, with the optimal cleaning dates indicated in the plots. Finally, the inversely
proportional relationship between D and G, and its impact on profit, is also highlighted
by the rise and fall of the curve.

Varying Days Till Rainfall

Continuing the simulation, we also examined the effect of a fast approaching rainfall on
the cleaning profits. The profit curve for the exaggerated case of only 5 days till rainfall is
shown in Figure 4.13.

Figure 4.13: Cleaning Profit Timeline for 5 Days Till Rainfall

As expected, with rainfall just around the corner, cleaning is not profitable on any day.
The optimal action in this case is to not to clean at all!
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4.4.5 Optimal Cleaning Dates

Description

In the previous section we simulated a scenario where an SCB had just been cleaned.
We can also apply those simulations to the real world with real data based on the current
state of SCBs. The goal is to project future SCB performance based on current data and
determine the optimal cleaning date which results in maximum profit.

Calculation

To determine profit from cleaning today, we follow the profit calculation detailed in
Section 4.4.3 using the average cleaning gains (ḡ) extracted from the SCBs’ timelines
(Section 4.4.1) and the expected cleaning gains (G) calculated following Equation 4.3,
which accounts for current and maximum production levels (Pc and Pm).

To determine profit from future cleanings, we follow the same profit calculations except
while updating some of the parameters. Specifically, D will decrease by 1 every day as we
get closer to rainfall. In addition, we will need to project future power production and
update G according to Pc. This is because as the SCB degrades in performance due to
soiling, power production will decrease and the expected cleaning gain may increase.

To project future power production, we calculate the daily production loss from soiling
(L). This involves the current production (Pc) and the current efficiency (Ec), which come
directly from the SCB data, as well as the current soiling rate (Sc), ie. daily efficiency loss
as calculated in Section 4.4.1. Using these 3 values, we calculate L as follows:

L =
Sc

Ec

Pc (4.4)

This is a simple proportion calculation to determine the change in power production
from Pc if the efficiency Ec decreased by Sc daily.

Example

We now apply these calculations to project the profit curve for SCB 246 with 15 days
till rainfall, as shown in Figure 4.14.

Note that unlike previous simulations where the SCB was recently cleaned, here SCB
246 is currently soiled resulting in an immediate positive profit from cleaning. The remain-
der of the curve behaves in the same way, with profit increasing initially and declining as
we approach rainfall.
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Figure 4.14: Cleaning Profit Timeline for SCB 246

Cleaning Schedule Optimizations

Using these projections, we can help answer the following questions regarding optimal
cleaning dates:

• For a given SCB, when should cleaning be performed for maximum profit? - Exam-
ine the profit curve till the day of rainfall and choose the date with the largest profit

• When should site-wide cleaning be performed for maximum profit? - Sum profits from
cleaning for all SCBs on all days until rainfall. Choose the date with the largest total
profit.

Note that these are data-driven suggestions for the optimal cleaning dates conditional on
the accuracy of rainfall forecasts. While for the most part they will hold true, predicting
the future exactly is not possible and it may be the case that rain occurs earlier than
forecasted, invalidating these projections.
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4.4.6 Summary

Given an accurate segmentation of each SCB’s efficiency timelines, we have now developed
models and methodology to determine optimal cleanings and maximize profit.

Based on insights from past cleaning intervals, our smart cleaning-benefit calculations
determine expected gains which account for unreliable cleaning quality. The cleaning-
benefit model accumulates these gains until rainfall, to calculate total cleaning benefit. This
is then compared with cleaning costs to formulate our profit function. Key characteristics
and behaviour of the profit function, in a real-world scenario with varying parameters, is
examined through simulations. Finally, we apply these simulations with the SCBs’ current
data to calculate optimal cleaning dates.

We have now successfully completed the final step of our research approach (Section
1.3.1 and Figure 1.5). Together with the data-cleansing methodology and the segmenta-
tion algorithm, this forms a comprehensive, data-driven approach for plant operators to
optimize cleanings for their own PV plants.
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Chapter 5

Results

To generate the results presented in this chapter, our 3-step research approach is applied to
the PV data of all SCBs in the dataset. Starting with the raw data for each SCB, we first
apply the data-cleansing methodology (Section 4.1) to generate clean efficiency timelines.
The timelines are then divided into soiling and cleaning intervals through cleaning event
detection using the segmentation algorithm (Section 4.3). Finally, daily cleaning profit
is calculated and used to optimize cleanings for the SCBs and the PV plant as a whole
(Section 4.4).

To showcase the results, we focus on data from SCB 216, a typical SCB, and examine
its progression through each step of our approach.

5.1 Original Data

Using the raw PV data for SCB 216, we first examine its efficiency timeline as is, without
performing any data-cleansing. The efficiencies are calculated for each 5-minute reading
with temperature and capacity correction, as detailed in Section 3.3. To generate daily
efficiency values, we simply average the 5-minutely efficiency for the day. These daily
values are then plotted to form the raw efficiency timeline shown in Figure 5.1.

Note that without any data-cleansing in place, the efficiency calculations suffer from
noise and operational errors. This is reflected in the timeline with high day-to-day variance
in efficiency and no interpretable patterns in the data to define soiling and cleaning periods.
Further, the efficiency values themselves are not in line with what we expect. From the
plant specifications, the maximum operational efficiency of the PV modules is ≈ 15%, but
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Figure 5.1: Raw Efficiency Timeline for SCB 216

here the calculated efficiencies only reach up to 13.25%. If the segmentation algorithm
were to be applied with this timeline, the generated segments would be inaccurate and the
results meaningless.

5.2 Timeline after Data-Cleansing

To address the noise and prepare the efficiency timeline for the segmentation algorithm,
we now apply our data-cleansing methodology. Specifically this involves:

• Data Filters (Section 4.1.1) - Restricting data to periods of peak power production
and avoiding any glitches or operational errors by using readings between 10 AM -
2 PM with Power > 0 and Irradiance > 600
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• Cumulative Efficiency Ratios (Section 4.1.2) - Calculating daily efficiency using the
total corrected power output and total irradiance input during the day

• Cloudy Day Detection (Section 4.1.3) - Excluding days with poor correlation (coefficient
score < 0.8) between power and irradiance

• Best-Fit Pyranometer Measurements (Section 4.1.4) - Out of the 4 available irradi-
ance measurements, using the one which has a correlation coefficient score of at least
0.8 with the SCB’s power data for the most number of days. For SCB 216 this was
Tilt Irr 2 pyrano

The resulting clean efficiency timeline is shown in Figure 5.2.

Figure 5.2: Clean Efficiency Timeline for SCB 216

Note that this timeline looks different than the raw timeline from Figure 5.1. The
day-to-day variance in efficiency is noticeably lower with the impact of noise being limited
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although not entirely eliminated. The timeline is sparser with some of the most cloudy
days being removed, but enough data remains to observe clear patterns of soiling/cleaning
periods for the segmentation algorithm to run effectively. Finally, the maximum calculated
efficiencies have increased from 13.25% in Figure 5.1 to 14.6% in Figure 5.2, closer to the
expected maximum of 15%. This improvement highlights the importance of data-cleansing,
in particular the use of data filters and cumulative efficiency ratios, for accurate efficiency
calculations.

5.3 Segmented Timeline

The segmentation algorithm detailed in Section 4.3 is now applied to the clean efficiency
timeline. The resulting segmented timeline is shown in Figure 5.3.

Figure 5.3: Segmented Efficiency Timeline for SCB 216
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Notice that the marked cleaning (marked in green) and soiling (marked in red) intervals
follow the visible efficiency patterns in the timeline. The timeline is divided into generally
up-sloping and generally down-sloping segments with a high degree of accuracy, with the
minor day-to-day variances in efficiency safely ignored.

5.4 Extracting Key Information

We now extract information on soiling loss and cleaning gains over the course of the time
period defined by each interval in the segmented timeline. These results are organized into
Table 5.1.

Segment Type Start Date End Date Soiling Loss (%/day) Cleaning Gain (kWh)

SOILING 2020-11-01 2020-11-14 -0.000345 -
CLEANING 2020-11-14 2020-11-24 - +959.187
SOILING 2020-11-24 2020-12-18 -0.000329 -

CLEANING 2020-12-18 2020-12-21 - +4325.158
SOILING 2020-12-21 2021-01-16 -0.000369 -

CLEANING 2021-01-16 2021-01-18 - +889.055
SOILING 2021-01-18 2021-02-01 -0.000597 -

CLEANING 2021-02-01 2021-02-03 - +3211.425
SOILING 2021-02-03 2021-02-11 -0.000380 -

CLEANING 2021-02-11 2021-02-18 - +1947.294
SOILING 2021-02-18 2021-02-28 -0.000335 -

CLEANING 2021-02-28 2021-03-04 - +210.042
SOILING 2021-03-04 2021-03-17 -0.000331 -

CLEANING 2021-03-17 2021-03-23 - +160.745
SOILING 2021-03-23 2021-04-10 -0.000301 -

CLEANING 2021-04-10 2021-04-13 - +883.171
SOILING 2021-04-13 2021-04-21 -0.000690 -

CLEANING 2021-04-21 2021-04-24 - +1259.090
SOILING 2021-04-24 2021-04-27 -0.000751 -

CLEANING 2021-04-27 2021-04-30 - -1684.189

Table 5.1: Extracted Information from each Segment
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Note that while most of the cleaning gains indicate improvement in power production,
the gain for the last cleaning interval is negative! This occurs because the incoming total
irradiance was lower on the cleaning end date compared to the cleaning start date. So
although efficiency improved from the start to the end of cleaning, the total power pro-
duction actually decreased. This limitation and ways to address it for future work are
discussed in more detail in Chapter 6.

In this specific case, the negative gain will not affect our calculations. Since the SCB
is currently being cleaned, this last cleaning interval will be ignored so that an unfinished
cleaning with low production gains does not impact the average cleaning gain.

5.5 Current Cleaning Profit Calculation

We calculate profit from cleaning today using Equation 4.2 (Section 4.4.3). The following
parameters are calculated from the SCB’s data:

• Average kWh gain from past cleanings (ḡ) - Examining cleaning gains for all clean-
ing intervals in the past 60 days from Table 5.1, we get:

ḡ =
1259.090 + 883.171 + 160.745

3
= 767.67 kWh

• Maximum Daily Power Production (Pm) - Calculated directly from daily production
data as: Pm = 15140.128 kWh

• Current Summed Power Production (Pc) - Calculated directly from latest day’s pro-
duction data as: Pc = 12773.826 kWh

Using these parameters, the expected kWh gain from cleaning G is calculated following
Equation 4.3 as:

G = min{ḡ, Pm − Pc}
= min{767.67, 15140.128− 12773.826}
= min{767.67, 2366.302}
= 767.67 kWh

Additionally, the following user-input parameters, which are to be set by plant operators
for their specific sites, are initialized to standard values:
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• Number of days till rainfall (D) - Set to 15 following an examination of rainfall dis-
tribution for the PV plant site

• PPA conversion rate from kWh to $ - Set to $0.03 USD per kWh following standard
rates offered for utility-scale PV plants in India [20]

• Cleaning Cost - Set to $50 USD per SCB. In reality, this may differ from site to site
dependent on cleaning methods, labour wages etc. and will be defined by the plant
operator

With all parameters calculated, we now determine profit from cleaning SCB 216 today
by following Equation 4.2:

Profit = GDR− C

= 767.67 kWh · 15 · $0.03/kWh− $50

= $295.45

5.6 Future Profit Projections

To determine profit from future cleanings, we must first project future power production by
calculating daily production loss (L) as detailed in Section 4.4.5. This calculation involves
the following parameters:

• Current Summed Power Production (Pc) - Calculated directly from latest day’s pro-
duction data as: Pc = 12773.826 kWh

• Current Efficiency (Ec) - Retrieved directly from the efficiency timeline as: Ec =
0.1412%

• Current Soiling Rate (Sc) - Retrieved from Table 5.1 as: Sc = −0.000751%/day

The daily production loss is then given by Equation 4.4:

L =
Sc

Ec

Pc

=
−0.000751%/day

0.1412%
· 12773.826 kWh

= −67.898 kWh/day
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Using this daily loss, we can now project future production levels and calculate future
values of G to determine profit. The projected profit curve for SCB 216 is shown in Figure
5.4.

Figure 5.4: Cleaning Profit Timeline for SCB 216

Note that profit does not increase initially, and instead decreases linearly till the day
of rainfall. This is because the level of soiling on the SCB is such that the optimal action
is to clean immediately, and for every passing day in which the SCB is not cleaned, a loss
in profit will be incurred.

5.7 Optimization Results

The calculations in the previous sections are performed for each SCB in the dataset to
generate both profit from cleaning today and profit from future cleanings. With these
results, the following optimization questions are answered:
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• Regarding cleaning decisions for today (Section 4.4.3)

– For a given SCB, is it beneficial to clean today?

∗ For SCB 216 with a positive profit of $295.45, Yes

∗ In total for this PV plant, cleaning is beneficial for 194 SCBs with positive
profits but not for 57 SCBs with negative profits

– If cleaning is to be performed today, which SCB should be prioritized?

∗ Comparing profits from all SCBs for this PV plant, SCB 444 should be pri-
oritized for cleaning today with the maximum cleaning profit of $1056.11

– Is it beneficial for all SCBs to be cleaned (site-wide cleaning) today?

∗ Summing profits across all SCBs, we determine the total cleaning profit for
today is $59,417.08. Since this is a positive profit, site-wide cleaning is
indeed profitable today

• Regarding optimal cleaning schedules (Section 4.4.5)

– For a given SCB, when should cleaning be performed for maximum profit?

∗ For SCB 216, by examining the profit curve in Figure 5.4 we determine that
the optimal cleaning date with maximum profit is 2021-04-30

– When should site-wide cleaning be performed for maximum profit?

∗ Summing profits from cleaning for all SCBs on all days until rainfall, we
determine that the optimal site-wide cleaning date is also 2021-04-30

With the above questions answered by the thesis results, we provide PV plant operators
with a complete guide to scheduling optimal cleanings. Whether dealing with cleanings
per-SCB or site-wide, for today or in the future, all scenarios are explored in detail and
solved by our optimization results.

5.8 Evaluation

In comparison to the periodic cleaning approaches applied by many solar plants, our op-
timal cleaning schedules should provide larger cleaning benefits while minimizing cleaning
costs. To showcase the advantages, we evaluate the optimal cleaning schedule generated
using our optimization approach by examining the cleaning profits over a 6-week segment
of synthetic power production data. Figure 5.5 shows a plot of this timeline.
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Figure 5.5: Baseline 6-Week Power Production Timeline

Unfortunately while working on this evaluation, access to real plant data was lost.
However, even if we could get access, random rain cleanings would not allow for a clean,
replicable trace for our evaluation. As a result, we decided to produce controlled synthetic
power production data ourselves, aiming to get as close a representation as possible to
real power production patterns. To do so, we chose a maximum power production value
of 1000 and randomly generated linear daily production loss values drawn from a uniform
distribution in the range [-200, 10] to form a 14-day timeline segment. This segment
was then replicated 3 times with 2 rainfall cleanings restoring power production back to
maximum, to form the 42-day power production timeline in Figure 5.5. Rather than a
constant daily loss, the random loss is effective in replicating real-world patterns such as
varying production losses and small jumps in production due to noise. Finally, we chose
to work directly with power production instead of efficiency to help visualize the cost-
benefit trade-offs of each cleaning approach and simplify the profit calculations. Since we
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are only concerned with cleaning schedule evaluation, efficiency timelines, while useful for
segmentation and soiling rate extraction, are not necessary.

This data is used to gauge production benefits of both the periodic and optimal cleaning
approaches. Note that the goal here is to replicate a typical power production timeline
in the absence of any human intervention, which will serve as a baseline to compare the
benefits of different manual cleaning approaches. For simplicity, we assume all cleanings,
both rainfall and manual, restore power production to 100% capacity.

5.8.1 Periodic Cleaning

Using our baseline data, we now project the power production timeline when periodic
perfect cleaning is performed. The resulting timelines for cleaning periods of 5, 10, 15, and
20 days are shown in the following plots.
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With these plots, it is clear that periodic cleaning without any consideration for rainfall
events will always be sub-optimal. Cleanings are either scheduled too frequently, too far
apart, or too close to rainfall, leading to losses in production revenue and unnecessary
cleaning costs being incurred.

5.8.2 Optimal Cleaning

We now apply our optimization approach to schedule cleanings which maximize profits
while accounting for upcoming rainfall. This cleaning schedule and its power production
timeline are shown in the following plot.
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From this timeline, we see that the cleanings are evenly spaced between rainfall events,
such that we are not cleaning too close to rainfall and optimizing our benefits. Further,
with rainfall events being 14 days apart, only one cleaning per rainfall interval is sufficient
to maximize production benefits relative to cleaning costs.

5.8.3 Profit Comparison

To calculate total cleaning profit from each timeline, we first calculate the total production
benefit of each cleaning when compared to the baseline production levels. This is simply
the difference between the cleaned power production and the original power production
summed over the entire timeline. Then, using the PPA conversion rate ($0.03/kWh) and
cleaning cost ($50) from Section 5.5 we convert this production benefit to a monetary value
and subtract cleaning costs depending on the number of cleanings performed.

The total cleaning profits of each approach is shown in Figure 5.6.
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Figure 5.6: Cleaning Profits

Comparing these profits with the scheduling of cleanings for each approach, we see that
when cleanings are carefully spaced between rainfall events, profit is maximized. Moreover,
frequent cleanings, such as when the cleaning period is 5-days, will lead to losses, while
longer cleaning periods are generally more profitable. However, a 15-day cleaning period,
which only schedules cleanings directly after rainfall events is the least profitable.

Overall, we see that the positioning of cleaning relative to rainfall is the most influential
factor impacting profits. Therefore, it makes sense that our approach which calculates this
exactly, produces the highest profit - more than double the highest profit for periodic
cleaning. Note that these results are for a single synthetic trace meant to illustrate the
importance of accounting for rainfall events. However, it is clear that the results generalise,
with the cleaning benefits depending both on the trace and the cleaning interval.
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Chapter 6

Discussion

6.1 Contributions

In this thesis, we approached the soiling and cleaning problem from a purely data-driven
perspective. Working with measured PV data from a utility-scale plant, we encountered
issues arising from real-world conditions relating to the nature of the hardware, the en-
vironment, and day-to-day plant operations. To address these problems, we developed
data-driven solutions to extract key insights from the PV data and guide optimal clean-
ings.

Specifically, the thesis work makes 4 contributions to the PV soiling/cleaning research
field. A brief overview of each contribution is provided below:

1. Data-Cleansing Methodology - Systematic techniques to a) identify non-soiling re-
lated noise/anomalies in PV data such as uneven shading due to micro-weather con-
ditions, and b) minimize their impact on calculations to generate clean efficiency
timelines

• Using data filters, cumulative efficiency ratios, cloudy day detection via corre-
lation coefficients, and best-fit irradiance measurements

• Existing works rely on simple visual recognition and elimination of outliers in
the dataset

2. Timeline Segmentation Algorithm - Monitors changes in direction of slope for a
moving window of points to segment the efficiency timeline into generally up-sloping
(cleaning) and generally down-sloping (soiling) intervals
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• Rather than depending on the unreliable (sometimes unavailable) human-
recorded cleaning logs, patterns in the efficiency timeline are analyzed for
data-driven cleaning event detection

• Compared to value-based threshold methods in existing works, a slope-based
approach is more reliable and robust against outliers

• Theil-Sen Estimator is used for slope calculations for added outlier resistance

3. Smart Cleaning-Gain Calculations - Accounting for unreliable cleanings and cal-
culating expected cleaning gains based on the power production gains observed from
past cleaning intervals

• Existing works assume perfect cleaning

• We consider the possibility of imperfect cleanings and calculate a smarter
data-driven estimate based on the quality and power production patterns
of past cleanings

4. Cleaning Schedule Optimization - Profit calculations (in light of rainfall events) via
cost-benefit analysis to optimize cleaning decisions for today and determine
overall optimal cleaning dates

• Per-SCB results to account for spatial variability in soiling; this provides
solutions to cleaning-optimization scenarios targeting different areas of a PV
plant

• Optimal cleanings are scheduled while taking into consideration impending
rainfall events and their effect on cleaning profit

With this, we contribute a completely data-driven approach to monitor and mitigate
soiling impact on power production, without the need to install expensive equipment.
Plant operators can follow the thesis work and directly apply it to the data for their own
sites at no added cost. As such, our approach not only presents key insights into PV
soiling/cleaning but also provides immediate benefit in the real world.

6.2 Limitations

While the thesis work describes an effective approach to optimizing cleaning schedules,
it is not beyond reproach. Limitations, specifically relating to the estimation of cleaning
benefits and the calculation of future profits, are discussed below:
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• Rainfall Cleaning Assumption - When defining our cleaning-benefit model in Section
4.4.2 (Figure 4.9) we assumed rainfall would completely clean the SCBs and level
both cleaned and soiled timelines to the same power production

– This simplified our calculations allowing us to stop accumulating cleaning gains
at the rainfall date

– In reality, depending on the rainfall intensity and duration as well as the current
soiling state of SCBs, different cleaning effects may be observed, from no impact
on soiling to complete cleanings

– This would change our cleaning benefit calculations accordingly, and we might
have to continue the accumulation of cleaning gains beyond the rainfall date

– Estimating the level of cleaning from a rainfall event is complex and is left for
future work

• Negative Cleaning Gains - Although rare, as highlighted in Section 5.4 (Figure 5.1)
there is the possibility of negative power production gains being observed across some
cleaning intervals

– This occurs because the available sunlight for power production is lower on
the cleaning end date compared to the cleaning start date. In this case, even
though efficiency improves across the cleaning interval, power production will
still decrease, simply because the higher efficiency cannot make up for the lack
of available sunlight

– While this may affect the cleaning gain of a specific interval, its overall impact
on cleaning gain calculation is limited for 2 reasons:

1. Such cases are scarce, with the overwhelming majority of cleaning intervals
producing positive production gains. In arid regions with clear sunny con-
ditions, an increase in efficiency due to cleaning will almost always result
in a power production increase

2. We average cleaning gains across the past 60 days of cleaning intervals and
so a negative kWh gain will have little impact on our final estimate

• Future Power Production Projections - When projecting power production levels for
future profit calculation in Section 4.4.5, we assumed a constant daily production
loss proportional to the latest soiling rates and current production levels

– In reality, increases in irradiance may actually result in production gains despite
the efficiency decrease due to soiling
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– Since the profit calculations depend on accurate projections of power production,
our cleaning schedule estimates may vary from the actual optimal cleaning dates,
resulting in less profit being realized than the maximum possible in theory

• Dependence on Rainfall Forecasts - Similar to projecting future power production,
our optimization results are also conditional on accurate rainfall forecasts

– While we determine optimal cleaning dates based on the rainfall distributions
of the plant site, it may be the case that rain occurs earlier than forecasted
resulting in sub-optimal (but still profitable) cleanings

These limitations stem from uncertainty in future events, such as the quality and fore-
cast of rainfall events, and projections of cleaning gain and power production. It is im-
possible to be 100% accurate and predict the future perfectly. Instead, we can only look
back at past data patterns and develop smart data-driven estimates. This is what we do
in this thesis and although our estimates might not produce true optimal results, for the
most part we expect they will get as close as possible in practice.

6.3 Future Work

While our estimations can never be 100% perfect, there are some adjustments we can make
to improve accuracy and address the aforementioned limitations. These extensions, along
with other avenues of future work, are discussed below:

• Calculating Efficiency Gains - Rather than examine power production gains across
cleaning intervals, we could calculate efficiency improvements instead

– Using the current efficiency and the average efficiency gain from past cleaning
intervals, the expected kWh gain from cleaning would be calculated proportional
to the current power production

– This may provide more accurate cleaning gain estimates and at the very least
the limitation of negative kWh gains across cleaning intervals will no longer be
a concern

– Alternatively, future irradiance simulations from weather models could be used
to project power production levels and kWh gains from cleaning; this would
allow for a more complete estimate of cleaning gains and profits when compared
to our approach of assuming a constant daily production loss
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– There is one challenge with this approach: since different irradiance measure-
ments are used for different SCBs, different ranges of efficiencies will be cal-
culated. This means the efficiency gain must first be normalized before being
applied. A deeper investigation is necessary to avoid bias towards certain SCBs.

• Investigating Rain Cleanings - Examine the effect of rainfall, with varying intensity
and duration, on soiling levels; the goal here is to generate insights into the expected
production benefits of rain cleanings

– Instead of assuming rain would completely clean SCBs in our cleaning-benefit
model, we could input estimations of the rain-cleaning gains and adjust the
cleaning-benefit calculation accordingly

– This could also be applied to distinguish between rainfall vs manual human
cleanings in the efficiency timelines; we could then average cleaning gains from
only human cleaning intervals for more realistic calculations of cleaning gains

• Investigating Temporal Variability of Soiling - Soiling rates and losses for a utility-
scale PV plant may vary dependent on the time of year, with soiling becoming more
pronounced during summer months in particularly dry conditions

– Although we don’t examine it directly, we calculate soiling rates for every soil-
ing interval across the dataset timeline, so a deeper investigation should be
straightforward

– Analyzing monthly or weekly rates could provide insights into soiling impact
at different times of the year, which would help improve our cleaning schedule
optimizations

• Applying the Approach to Different Datasets

– If we had access to data from other plants, we could apply our approach to their
PV datasets, evaluating the results and adapting our approach accordingly to
avoid over-fitting to one specific PV plant

– The ideal evaluation would include real-world implementation of the generated
cleaning schedule and inspection of the resulting cleaning production gains and
profits

• Analyzing Systematic Degradation of SCBs - All solar panels will naturally degrade
in performance over time, due to wear and tear from exposure to harsh climate
conditions such as high temperatures [30]

75



– Statistically, we can expect a 0.5% decrease per year in power production due
to panel degradation [30]

– The same way we control for non-soiling factors when calculating efficiency in
Section 3.3, panel degradation can also be accounted for to ensure the only
factors affecting efficiency are soiling and cleaning events

– However, we do not expect any noticeable impact in soiling rate calculations as
the timescale for physical panel degradation is much longer (year-to-year) when
compared to soiling which results in immediate efficiency losses

• Detailed Costs of Cleaning - Rather than a static cost of cleaning associated with
every SCB, we can improve our cleaning cost estimates based on parameters such as
the capacity

– Of course, cleaning larger SCBs with more panels will require more water, more
time, more workers etc. and so the cleaning costs should be defined as a function
of SCB capacity

– As well, an interesting extension to our current cleaning schedule optimization
would be to consider route planning, where rather than only cleaning individual
SCBs on their optimal dates, the neighbouring SCBs can also be targeted to
save labour costs. Given our per-SCB calculations, we can aggregate results
across SCBs to generate cleaning schedules for different areas of the plant.

The methodology presented in this thesis provides a sound framework to extract soiling
and cleaning results from any PV dataset, serving as a solid foundation for future work
and extensions.
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Appendix A

Heatmap Plots of PV Plant

The data readings for the PV plant are recorded individually for each SCB, allowing for
per-SCB and area-specific results. For comparison between SCBs and between different
areas of the plant site, we plot heatmaps (Figures A.1, A.2, and A.3) of thesis results,
namely the latest day’s efficiencies, the most recent soiling rates, and the average power
production gains from cleaning. Note that due to missing data, results for some SCBs are
not shown.

These heatmaps help visualize the spatial variability of soiling. With different areas
of the plant experiencing different levels of soiling, efficiencies and cleaning production
gains also differ from one SCB to another. By calculating per-SCB results, we account for
this variability and allow for detailed insights leading to area-specific optimal cleanings.

82



Figure A.1: Heatmap of Latest Efficiencies
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Figure A.2: Heatmap of Latest Soiling Rates
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Figure A.3: Heatmap of Average Power Production Gains from Cleaning
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Appendix B

Cleaning Log Excerpts

Figure B.1: Cleaning Records for SCB 454
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Appendix C

Segmentation Algorithm Code

Figure C.1: Segmentation Algorithm Main Body

Full version of the code in a Jupyter Notebook can be found here.

87

https://git.uwaterloo.ca/a2bora/masters-thesis/-/blob/main/End-to-end_Soiling_Research_Pipeline.ipynb


Figure C.2: Class Definition of a Segment
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Appendix D

Gradual/Back-to-Back Cleanings

Figure D.1: Missed Detection of Cleaning Period
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Appendix E

K-Means Clustering for Union
Cleaning Records

Before developing the data-driven segmentation algorithm, we had made an attempt to fix
the provided cleaning logs. While this attempt was ultimately unsuccessful, it is described
here for reference.

During our analysis of the cleaning logs, we discovered many cases where the SCB effi-
ciency improved with no record of a cleaning event. In some of these cases, we found records
of cleanings corresponding to the efficiency improvement, but in the logs of neighbouring
SCBs. This suggested that the crew may have cleaned a group of SCBs together, but only
recorded the cleaning in one SCB’s log. Now of course, this may not necessarily have been
the case, but nevertheless it provided an avenue for further investigation. Specifically, if
these cleaning groups could be identified, we could update the cleaning logs for those SCBs
with missing records, adding the cleaning events which were only recorded for some SCBs
in the group.

To determine potential cleaning groups, we analyzed the SCB efficiency timelines. The
assumption here was that SCBs in the same cleaning group would have been cleaned at
the same time and so their timelines would share patterns of efficiency improvement and
decline. With this line of reasoning, we converted each SCB timeline into a vector of points
(mean-normalizing the efficiency values) and applied K-means clustering to group SCBs
with similar timelines. Some relevant clustering results are shown in Figures E.1 and E.2.
Once the cleaning groups were determined, cleaning records from all SCBs in a group could
be tallied to determine the “union cleaning record” for the group (Figure E.3).

While using clustering to leverage the cleaning records of neighbouring SCBs is intrigu-
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ing, in practice there are several obvious issues. There is no guarantee that cleanings will
be performed in groups and recorded for at least 1 SCB. Further, it may be the case that
cleaning logs are not even maintained by the plant operators!

This is where a data-driven approach can come be utilized. Without requiring cleaning
logs, data-driven techniques can detect cleaning events by analyzing trends in SCB effi-
ciency. As such, this approach was left as an interesting exploration and focus was shifted
to the segmentation algorithm described in Section 4.3.

Figure E.1: Clustered Efficiency Timelines
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Figure E.2: Clustering Results Projected on Site Map

92



Figure E.3: Example of a Union Cleaning Record
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