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Abstract: Airborne dust easily accumulates on the top of solar panel surfaces and reduces the output
power in arid regions. A commonly used mitigation solution for dust deposition issues is cleaning PV
panels periodically. However, cleaning frequency affects the economic viability of solar PV systems,
resulting in a trade-off between cleaning costs and energy loss costs. To address this issue, this study
relates several metrics and develops a generic framework based on simulation and optimization
to determine the optimal cleaning interval. Based on the computational tests, the optimal cleaning
interval in Abu Dhabi is determined to be 34 days, which is longer than the currently recommended
cleaning interval of 28 days. This study also identifies that energy recovery is responsive to decreases
in unit cleaning costs in the presence of high electricity tariffs, whereas total cost savings show
sensitivity when electricity tariffs are low. Finally, this study discusses energy policy implications
by presenting an innovative concept involving the introduction of a cleaning subsidy which could
reshape energy system cost dynamics, making PV systems economically competitive beyond the
conventional levelized cost of electricity.

Keywords: PV system; cleaning scheduling; uncertain dusty weather; economic analysis; policy

1. Introduction

In recent decades, solar energy has been the subject of significant public attention and
intense research in various fields, and solar energy systems are now being widely deployed
in global energy markets. The International Renewable Energy Agency reported that solar
photovoltaic (PV) capacity was approximately 1050 GW in 2022, or 4.5% of total global
electricity generation, surpassing wind energy capacity [1].

Solar PV generation highly depends on the amount of irradiance generated from the
sun, which is why the majority of solar power farms are located in arid regions with high
levels of irradiance. However, a large portion of the irradiance is reflected and scattered,
and the absorbed portion is not entirely converted into electrical energy. The energy
conversion efficiencies of current commercial PV modules are 25% or less [2].

Furthermore, in arid regions, airborne dust and sand accumulate on top of the solar
panel surface, significantly reducing the output power. This issue is known as soiling,
which is generally defined as the accumulation of dust, dirt, leaves, and bird droppings
on PV modules [3]. Many factors contribute to PV soiling issues, particularly regional
environmental conditions.

Local weather has a major impact on soiling through particle deposition and removal.
Figure 1 illustrates various influential parameters, including airborne dust, wind speed,
humidity, temperature, and rainfall. Airborne dust is the most dominant factor, followed
by wind, which can help accumulate dust on the panels at low wind speeds as well as
remove it at higher speeds. These parameters affect the amount of dust deposited on the

Systems 2024, 12, 418. https:/ /doi.org/10.3390/systems12100418

https:/ /www.mdpi.com/journal/systems


https://doi.org/10.3390/systems12100418
https://doi.org/10.3390/systems12100418
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/systems
https://www.mdpi.com
https://orcid.org/0009-0003-0370-5807
https://orcid.org/0000-0002-1077-4750
https://doi.org/10.3390/systems12100418
https://www.mdpi.com/journal/systems
https://www.mdpi.com/article/10.3390/systems12100418?type=check_update&version=2

Systems 2024, 12, 418

2 of 20

surface that can shade, block, or limit the sun’s irradiance, thus reducing the amount of
power generated from the PV panel.
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Figure 1. Various factors affecting solar panel efficiency.

This research aims to accomplish three main objectives: (1) develop a sophisticated,
simulation-based optimization framework to determine the optimal cleaning interval in
arid regions; (2) investigate a real-world case study in Abu Dhabi; and (3) discuss policy
implications concerning PV system cleaning costs.

Many studies have addressed soiling issues and investigated the impact of dust
deposition on solar panel modules. According to a study by [4], when solar PV modules
were left unclean for more than six months, their output power decreased by 50%. [5]
showed that after two weeks of the dry season in Saudi Arabia, the PV output power
decreased by 10.8%. [6] examined the effect of soiling on a single rooftop for a month and
showed a 22% loss in PV performance.

Ref. [7] analyzed the composition and distribution of dust on the surface of PV panels
in the East Bank of the Nile region and introduced a PV soiling index. Their results showed
a uniform distribution and a decrease in power capacity of more than half. Furthermore,
studies showed that geographical location plays an important role in soiling because of the
different modules’ tilt angles and weather conditions in different locations [8,9].

The effect of longer time on PV soiling was addressed by [10], who performed their
experiment in the Sultanate of Oman. They analyzed how dust accumulation varies
throughout the year and is most strongly influenced by particulate matter. Similarly, [11]
performed a study in Sharjah in the UAE on the nature of particles and their effect on
power reduction, which was 8.5% after 41 days.

Quantifying efficiency degradation over a specific length of time is crucial for this
study; as such, we summarize PV performance reduction reported in the literature over
different time durations and in different locations, as presented in Table 1. Since their exper-
imental durations are different, the PV performance reductions are not directly comparable.

Table 1. PV performance reduction over time in different locations.

PV Performance Reduction (%) Duration Location Environment Type Reference
8.5 41 days UAE (Sharjah) Desert [11]
13 3 months UAE (Al Ain) Desert [12]
12.7 5 months UAE (Sharjah) Desert [13]
20, 30, 40 1, 2, 3 months UAE (Abu Dhabi) Desert [14]
43 6 months Qatar Desert [15]
80 140 days Qatar Desert [16]
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Table 1. Cont.
PV Performance Reduction (%) Duration Location Environment Type Reference

1 1 day Qatar Desert [17]

10 100 days Qatar Desert [18]

40 10 months KSA Desert [19]

10.8 2 weeks KSA Desert [5]

17 6 weeks KSA Desert [20]

20 45 days KSA Desert [21]

50 6 months KSA Desert [4]

16.8 5 days Yemen Semi-desert [22]

22 1 month India (Gurgaon) Metropolitan [6]

11 5 weeks USA (Colorado) Valley with vegetation [23]

A current major research trend involves investigating and modeling the performance
loss of PV modules as a function of dust accumulation. Ref. [24] developed three equations
to calculate power, current, and efficiency as a function of the accumulated amount of
dust on a PV module. Ref. [25] combined indoor and outdoor experiments and found that
deposition decreases the short circuit current by 30-40%. Ref. [26] summarized the impact
of dust on solar panel efficiency, demonstrating that efficiency degradation is linear with
dust density.

Ref. [27] developed two models to evaluate and forecast the influences of dust depo-
sition on the transmittance of PV modules. Ref. [28] integrated field measurements and
modeling and assessed the impact of particulate matter resulting from fossil fuel combus-
tion on solar power generation. Likewise, ref. [29] identified a correlation between dust
accumulation and PV current, voltage, power, and efficiency. They also validated the model
proposed by [24] and developed improved polynomials. Ref. [30] quantified the amount of
dust that deposited daily on a PV module surface. Their stepwise regression analysis found
that deposition was affected by wind speed more than particulate matter and humidity.
Specifically, when the wind speed exceeds 3 m/s, deposits are reduced on panel surfaces.

Ref. [13] performed a study in Sharjah in the UAE in which they revealed a linear
relationship between normalized power and dust density, with a drop of 1.7%/g/m?.
They also reported that the tilt angle had a substantial impact on deposition. Recently, a
machine learning-based method to estimate dust accumulation was introduced by [31].
They developed a regression tree model based on their experimental data for irradiance,
temperature, and PV module power.

Several recent reviews comprehensively summarized key factors affecting dust de-
position, including wind velocity, wind direction, the surface structure of the module,
the characteristics of the dust particles, surface temperature, PV manufacturing materials,
coating materials and types of glass covers, humidity, tilt angle, and orientation [32,33].

As a mitigation strategy for dust deposition, cleaning PV panels has been widely
adopted using different technologies. However, due to the cost of cleaning, investigations
involving economic analyses of cleaning frequency have been performed. Ref. [34] per-
formed a cost comparison study for PV cleaning systems in remote sites in the UAE by
examining the cost components of three cleaning methods. Ref. [35] indicated that the total
cost of production losses caused by dust was lower than the total cost of cleaning.

Ref. [36] derived a general expression for optimal cleaning intervals, applying it to
PV modules in central Saudi Arabia over a year and showing that optimal cleaning costs
are smaller than typical operation and maintenance costs. Ref. [37] also experimentally
investigated PV module cleaning scheduling in Kuwait. They observed significant efficiency
degradation in April, May, and October when the experimental panels required weekly
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cleaning to maintain efficiency losses below 15%; for the other months, they found a 30-day
cleaning interval to be appropriate.

Ref. [38] developed a simple formula for optimal PV cleaning periods, based on the
assumption that accumulation increases linearly with time. Ref. [16] proposed an improved
framework to estimate the economic impact of soiling on the PV system, considering
humidity, tilt angle, and precipitation, and to determine the optimal cleaning frequency.
The framework was used in seven cities globally, including Doha in Qatar, where the
efficiency losses reached 80% over 140 days. However, the authors used a simple Monte
Carlo simulation-based method with trivial triangular distributions for uncertain factors.

Ref. [39] evaluated the soiling cost of PV power plants in China to be 16,100-22,200 USD/MW,
which they argued could be reduced by 36.5-50.3% if their proposed optimal cleaning
interval were to be applied. Based on a model developed after experimental investigation,
they suggested cleaning frequencies of 10 days and 23 days when using dry and wet
cleaning methods, respectively. Similarly, in Al Ain in the UAE, Shah et al. (2020) [12]
measured the decrease in irradiance intensity and power output for four selected cleaning
frequencies. Their study revealed that the output power dropped by 13% for a three-month
cleaning interval, and only by 4% for a 15-day cleaning interval. In addition, the Abu Dhabi
government in the UAE recommends a 4-week (28 days) cleaning interval in its region
based on empirical evidence [40].

Although several studies have addressed the soiling issue on solar PV systems, most
of the research has been performed in laboratories or using small-scale outdoor experi-
ments that do not capture the entire year. Also, detailed modeling of weather data for
a period longer than one year has not previously been performed. Recently, a few stud-
ies have proposed data-driven methods to determine an economically optimal cleaning
frequency: simulation-based optimization [16], deterministic optimization-based schedul-
ing [41], Markov decision process [42], and prediction-based cleaning scheduling [43].
However, there is still a lack of research addressing uncertainties, and further studies in
this area are needed.

Hence, to effectively address the soiling issue, we must address challenging issues
that were not adequately addressed in previous studies. As such, we propose the following
questions: How can we determine the ideal cleaning frequency for a given PV system, espe-
cially in arid regions, to minimize cleaning expenses while maximizing energy generation?
Is the Abu Dhabi government’s current recommended cleaning interval for PV systems of
28 days the optimal frequency? Should a government implement new energy policies to
address soiling problems?

From a system standpoint, this study contributes to the development of a management
framework to optimize the cleaning schedule for solar PV systems and offers a systematic
solution to enhance system efficiency. This study can provide valuable tools and insights
for policymakers and system managers, assisting them in effectively managing solar PV
energy systems in Abu Dhabi. These findings may also have broader relevance to other
arid regions.

2. Methods

This study began with gathering the required data from reliable and reputable sources.
After basic preprocessing of the collected data (e.g., data cleansing), we proposed several
metrics to estimate the total costs. Then, using the developed metrics, a simulation-based
optimization model was developed to minimize the total costs by determining the optimal
cleaning interval. Then, we conducted a case study by examining possible scenarios. Finally,
we analyzed the results and their implications for supporting policies.

2.1. Data Collection

We collected several streams of data from different sources. In particular, four weather
parameters—temperature, wind speed, particulate matter, and irradiance, as presented in
Table 2—were gathered from 2018 to 2020 in the target area, Abu Dhabi. The daily average
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was used to represent the daily data for temperature and wind speed. Irradiance is the
value measured throughout the day by the National Center of Meteorology [44]. Regarding
particulate matter, the Sand and Dust Storm Warning Advisory and Assessment System
provides particulate matter data recorded at 12:00 PM GMT [45].

Table 2. Weather data and sources.

Data Item Data Source Reference
Temperature Meteostat website [46]
Wind speed Meteostat website [46]

Porutemar St nd Dt Stom Wi E

Irradiance National Center of Meteorology [44]

In the collected data, there were a few missing data points. In such a case, we substi-
tuted the missing data points with the monthly average value. In addition, the data for 29
February 2020, were not included because February only had 28 days in 2018 and 2019.

Particulate matter data were provided in Network Common Data Form format, a
file format that supports the creation, access, sharing, and storing of multi-dimensional
scientific data. Data in this format were converted to a CSV format to be used in this study,
using National Oceanic and Atmospheric Administration’s Weather and Climate Toolkit
4.6.1 software [47].

To evaluate electricity tariffs, we used the information provided by Abu Dhabi Distri-
bution Company (Abu Dhabi, United Arab Emirates) [48], a government agency in Abu
Dhabi. The company supplies electricity at 0.073 USD/kWh for expatriate residents and
0.018 USD/kWh for UAE citizens (Abu Dhabi Distribution Company). These are the two
basic rates applied to the majority of residents in Abu Dhabi, although there are higher or
lower rates for special cases.

2.2. Metric Modeling

To estimate the operating cost of cleaning PV panels, several metrics were defined,
including daily dust deposition, soil accumulation over a certain period, PV panel efficiency,
and energy loss. The detailed modeling procedure is provided in the following subsections.

2.2.1. Daily Dust Deposition

First, the daily dust deposition was computed using the accumulation formula pro-
posed by [30]. The formula of daily soil deposition, Dep, is shown in Equation (1):

Dep = 10.6 —4.99WS + 247PM — 73.4WS x PM — 149AWS, (1)

where WS is wind speed in m/s, PM is particulate matter in g/m?, and AWS is the hourly
change in the wind speed. The formula employs both the wind speed and the particulate
matter predictors to estimate the daily deposition. In this formula, wind speed has the
strongest influence on the overall accumulation rate.

It should be noted that the last term, —14.9AWS, was ignored here because there
were no available hourly wind speed data to calculate AWS, and its estimated value was
considered to be insignificant compared to the other terms. Thus, Dep is modified to DDep
as presented in Equation (2).

DDep = (10.6 — 4.99WS + 247PM — 73.4WS x PM) x 0.00144. (2)

Here, 0.00144 is a constant to convert the unit of Dep from ug/ (mzmin) tog/ (mzday)
so that the resulting value can be used in the efficiency equation directly.
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2.2.2. Dust Accumulation

Dust accumulation can be calculated by summing the daily deposition in Equation (2)
over a certain period. Ref. [30] observed an apparent negative correlation between dust
accumulation and wind speed. At higher wind speeds, the dust accumulation rate decreases.
When the wind speed exceeds 3 m/s, the panel consistently becomes cleaner on average.
Equation (2) can result in a negative value, indicating that high wind speeds would result
in reduced dust accumulation.

However, based on our experience, dust might not be removed completely by high-
speed winds due to the high levels of humidity, particularly during the nighttime, in the
UAE. In the desert climate of the Middle East, the humidity during the daytime, when
solar power generation is possible, is minimal due to the extreme dryness, meaning that the
impact of humidity on solar energy generation during this period is negligible. Although
humidity rises at night, it dries almost completely after sunrise every morning, so the
influence of accumulated dust due to humidity is expected to be very limited. In this study,
based on empirical observations and existing data in [14], we propose a calibration factor «
to indirectly account for the effects of humidity on dust adhesion. The calibration factor o
is a ratio that indicates the amount of dust that is naturally removed by the wind.

;o DDep, DDep >0
DDep = {(x X DDep, DDep <0’ @)

where DDep/ stands for the modified daily deposition. If DDep is negative at high wind
speeds, its effect will be considered not by 100% but by . To estimate the calibration
factor « in Equation (3), we developed an Excel-based manual logic to calculate PV panel
efficiency using all the equations described in this study. Then, an Excel optimization solver
determined the best value of the calibration factor a to be 0.1 by examining the search space
from 0 to 1 and targeting the PV reduction in Table 1 from [14].

Dust accumulation, Acc(t), can be expressed as the sum of the accumulation up to the
previous day, Acc(t — 1), and today’s deposition, DDep’, as presented in Equation (4).

Acc(t) = Acc(t — 1) + DDepr. (4)

Unless the PV modules are intentionally cleaned by a laborer or a machine, we assume
that the dust will not be completely removed and some dust residues would always remain.
The minimum residue level f is assumed to be 0.01 g/m? and is used to calculate the
modified accumulation Acc(t)" as presented in Equation (5).

Acc, uncleaned, Acc >
Acc(t) = B, uncleaned, 0 < Acc < B. )
0, cleaned

2.2.3. PV Panel Information and Efficiency

For this study, we assume that a polycrystalline silicon panel is used in the PV system
because this type of panel is commonly available in the target region [49]. Table 3 lists the
specifications of the assumed solar PV module used in the calculations. The size, lifespan,
rated power, and efficiency are the primary parameters utilized in this research.

Since PV panel efficiency decreases as dust accumulates on it, this study computes the
efficiency using Equation (6), developed by [29], which is valid for dust accumulation levels
below 3 g/m?. It is assumed that regular maintenance and technological advancements
would minimize the degradation of the panel’s efficiency over time.

Eff(t) = —0.0026 x Acc(t)” +0.032 x Acc(t)”” —0.1369 x Acc(t) +0.192.  (6)
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For clarity, it should be reiterated that the units for the accumulated amount of dust
Acc(t)" in Equation (6) are g/m?. As listed in Table 3, the maximum efficiency of the panel
is assumed to be 19.2%.

Table 3. Assumed solar PV module specifications.

Type Cell Type Polycrystalline Silicon
Size Unit cell 156 x 156 mm
Unit solar panel system (landscape) 1960 (L) x 992 (W) x 40 mm
No. of cells in a unit 72
Maximum power at STC 330 W
Optimum operating voltage 375V
Optimum operating current 8.81 A
Electrical Properties Open circuit voltage 462V
Short circuit current 938 A
Module efficiency 19.2%
Operating module temperature —40to0 85 °C
Maximum system voltage 1500 V DC
Maximum series fuse 20 A
Lifespan 20 years

2.2.4. Energy Loss

Finally, the energy loss due to the decrease in the efficiency was calculated, utiliz-
ing Equation (7), proposed by [47], which calculates the expected amount of electrical
energy generated from the PV panel, considering specific irradiance, temperature, and
system efficiency.

Epss(t) = P x H x (1 —k(T — 25)) x (0.192 — Eff(t)), @)

where Ej,s(f) is the energy loss of day t in kWh, P is power in kW, H is irradiance in
kWh/m?, and k is the temperature coefficient which is assumed to be 0.0043 [50].

2.3. Simulation-Based Optimization

Due to the high level of uncertainty in weather data, a discrete-event simulation
method was utilized to mimic the target system by generating random variates of the four
weather factors—airborne particulate matter, wind speed, temperature, and radiation—
based on the probability distribution fitted to the collected data (see Section 2.4). Then, the
optimization model was embedded into the simulation model to minimize the total cost by
determining the best cleaning interval under the considered cost and tariff structure.

2.3.1. Simulation Model

Figure 2 illustrates the overall logic implemented in the simulation model. The
model first generates weather factors randomly according to the input distributions. It
then calculates the daily dust deposition using Equation (2). If the deposition value is
negative, it is multiplied by the calibration factor & as shown in Equation (3). Then, the
dust deposition value is added to the amount of dust to keep the dust accumulation value
as defined in Equation (4). Next, the model checks if the current day is a cleaning day by
comparing the value of a counter with the input cleaning interval.
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Figure 2. Logic flow chart of the simulation model.

When a cleaning event occurs (i.e., the day is equal to the cleaning interval), the
number of cleanings is incremented by one, the amount of the accumulated dust is reset,
and the day is set to zero.

If the current day is not a cleaning day, the model proceeds to check the accumulation
value. If it is below the minimum residue , the accumulation is assigned the value of B (see
Equation (5)). The model continues to calculate efficiency using Equation (6) and energy
loss using Equation (7). When the day counter reaches the last day of the lifespan, the logic
ends; otherwise, the day counter increases by one day and goes back to the starting point.

2.3.2. Optimization Model

This subsection describes the optimization model embedded in the simulation model,
formulated using the following equations.

Minimize Total cost = E[Cleaning cost(z) + Energy loss cost(z)] 8)

subject to
7 <z <365, ©)
z >0, Integer, (10)

where cleaning interval z is a decision variable. Objective (8) is to minimize the expected
value of the total cost, which is the sum of the cleaning cost(z) and energy loss cost(z). The
two cost terms are defined by the following equations.

Cleaningcos(z) = | planning horizon/z| x unit cleaning cost, (11)

Energylosscos(z) = Zall ; Eross(t) x electricity tarif f. (12)
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It should be noted that energy loss in day f, Ej,ss(f), is a function of z implicitly by
Equations (5) and (6). Constraint (9) limits the range of the considered cleaning interval.
The presented optimization model was implemented using OptQuest, which is an add-in
optimization module in Simio v14 simulation software.

2.4. Weather Data and Distribution Fitting

Three years of daily data for temperature, wind speed, radiation, and particulate
matter are plotted in Figure 3. Figure 3a displays the daily temperature variation over
three years. Significant fluctuations can be observed in January, February, and March, as
opposed to minor variances in August, October, November, and December, indicating more
stable temperatures.

Temperature Wind Speed
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Figure 3. Daily weather data for three years: (a) temperature, (b) wind speed, (c) particulate matter,
and (d) irradiance.

Examining Figure 3b, wind speed fluctuates significantly, except from July to Septem-
ber. For particulate matter, since 2019 data were not provided by WMO for Abu Dhabi
(24.5N, 54.375 E), 2018 data are substituted for 2019 data. Figure 3c illustrates random sea-
sonal dust fluctuations. Several high peaks in the chart might be caused by unpredictable
dust storms.

Figure 3d plots irradiance data, which are provided by the National Center of Meteo-
rology, UAE [44]. The average annual irradiance was 2213.4 kWh/m? over the three years.
Some fluctuations can be observed in February, April, May, and August. However, there is
a general trend of increasing irradiance in summer and decreasing irradiance in winter.

To generate data randomly in simulation tools, the distribution pattern of the collected
data must be known. A statistical tool, Stat::fit v3 software (Geer Mountain), was used to
determine the distribution for each parameter, month by month, to capture the pattern for
each month. Table 4 provides a summary of these distributions using the Simio software
format [51]. For a detailed explanation of statistical analysis methods, we refer readers
to [52].
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Table 4. Monthly distributions of the collected three-year weather data (in Stat::fit format).

Month Temperature Wind Speed Particulate Matter Irradiance
1 Lognormal (17.0, 1.16,0.559)  Lognormal (3.77, 1.82, 0.672) Lognor_n;f‘;é}fgs)x 107 LOg;ggﬂié_xl fg,é)ms'
2 Lognormal (16.0, 1.57,0.546)  Lognormal (4.05, 1.82, 0.657) LOgno“f;lO(,_oggz)x 107, LOg;‘.‘gg“ﬁ)é_xl'llozj)loél'
3 Triangular (18.0,31.6,22.2)  Lognormal (2.92,2.24, 0.467) L"gnori“ﬁ;éjoz.é%i)x 107, L(’grl‘g.rf‘;l 4(;13)2*2)() 10%,
4 Lognormal (13.2,2.74,0.178)  Lognormal (2.44,2.2, 0.351) LOgnori“ﬁééj 516753; 1072, L"gﬂ)‘ﬁrlnﬁé;l 'fgj)lm'
5 LOg“‘;géalx(l’olii’ 384 Lognormal (649, 147, 0.555) LOgnori“ﬁ;éjolﬁg)x 107 Normal (7.45 x 103, 651)
6 Normal (34.9, 1.64) Lognormal (7.21, 1.25, 0.708) LOgnoi?gi,(%ilzgx) 107 Normal (7.72 x 103, 377)
7 Normal (36.1, 2.11) Lognormal (4.9, 1.87, 0.309) L"g“ofi‘gi%f“sgnx) 1072 Normal (7.19 x 103, 614)
8 Lognormal (29.2, 1.92, 0.125) LOgng_r;rl‘ai (1_04_631)’ 6-16, LOgnonglgf%Zéx) 1072 Normal (6.92 x 103, 520)
9 Normal (34.2, 1.72) Lognormal (2.56, 2.12, 0.165) LOgnong;%%g;) 107 Normal (6.64 x 103, 356)
10 Normal (30.8, 1.59) Lognormal (6.25, 1.37, 0.374) Logn(il‘?;é,(é,?lg)miz, Normal (5.72 x 103, 471)
11 Triangular (21.3,29.8,27.9)  Lognormal (4.88, 1.58, 0.5) LOgnori“;;é/_; '67954; 1077, LOg{‘(;’_g“za.;é_Xl 'fg_§)104'
12 Normal (22.8, 1.6) Lognormal (4.89, 1.31, 0.695) L"g“of?gé%gﬂx) 1072, LOg;gg%flgg_xl 'f§,§)104'

As Table 4 shows, there is no significant difference between subsequent months. How-
ever, there is a significant difference between months that are far apart, implying that fitting
the distribution to a relatively short period (monthly) results in more realistic distributions.

3. Results

This section provides the experimental design used in the computational tests. The
results of the simulation experiments are then analyzed.

3.1. Design of Experiment

The objective of this study is to determine the optimal cleaning interval that minimizes
the total operating cost including the cleaning and energy loss costs. Thus, it is of interest to
investigate the impact of the electricity rate and cleaning cost on the optimal cleaning cycle.
Ref. [12] assumed the cleaning cost in UAE to be 0.03 USD/m?/cleaning cycle, similar
to the cost in Saudi Arabia. In this case, considering a 1.96 m x 0.992 m panel, the cost
is 0.0583 USD/cleaning cycle. We generated 10 test cases with two electricity rates, for
expats in the UAE (0.073 USD/kWh) and UAE nationals (0.018 USD/kWh), as well as five
different cleaning costs (i.e., the basic cleaning cost of 0.0583 USD/panel/cycle and two
higher and two lower values). The test cases are summarized in Table 5.



Systems 2024, 12, 418 11 of 20

Table 5. Experimental design.

Policy Electricity Tariff Case Tariff (USD/kWh) ?S si:)clll:;?:lr;gycc?:)t
Slexp 0.073 0.0183
S2exp 0.073 0.0383
Expat S3exp * 0.073 0.0583
Sdexp 0.073 0.0783
Basic S5exp 0.073 0.0983
Sluae 0.018 0.0183
S2uae 0.018 0.0383
UAE National S3uae * 0.018 0.0583
S4uae 0.018 0.0783
S5uae 0.018 0.0983

(* current electricity tariff).

3.2. Simulation Results

This subsection presents the validation results of the developed model and the associ-
ated computational results.

3.2.1. Validation

To test the goodness of the fit of the distributions observed for the weather data, we
generated weather data randomly using the distributions and fitted and illustrated them,
which are presented as dotted lines in Figure 3 in Section 2.4. The graphs generated from
the simulations show similar patterns to the actual data.

For the simulation model, each detailed logic was validated thoroughly with different
test cases. To validate the model, we conducted an experiment using Excel (v2409 in
MS Office 365) manual calculations and the simulation model with the same cleaning
intervals, cleaning cost, and electricity tariff. The Excel calculations were performed using
the weather data for 2018, 2019, and 2020, but the simulation model used the randomly
generated weather data. As can be seen in Figure 4, the resulting total cost curve from
the simulation model shows a similar pattern to the curves generated based on the Excel
calculations, validating the computational logic in the simulation model.

3.00

-
-
-
-
-

-
—
—r—
-

e e it

15 30 45 60 75 90 105 120 135 150
Cleaning Interval (day)

2018 2019 2020 ----Simulation
Figure 4. Validation of the simulation model.

3.2.2. Simulation Results

For each case in Table 5, the OptQuest optimization module was used to determine
the optimal cleaning interval. OptQuest employs the Kim and Nelson algorithm to identify
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optimal solutions for stochastic outputs [53]. In this optimization process, a 95% confidence
level was set, with an indifference zone of 0.1 to define negligible performance differences.
The final reported solution represents a statistically significant optimal value with 95% con-
fidence, where cost differences up to 0.1 were considered negligible. During the OptQuest
run, the number of replications for different cleaning intervals was dynamically adjusted
from 10 to 100 to maintain the required confidence level within the 0.1 indifference zone.

Table 6 shows the optimal results for the 10 cases. Column 1 lists the names of the
10 cases, and column 2 gives the optimal cleaning interval. Column 3 provides the cleaning
cost, and columns 4 and 5 give the total energy loss and the related energy loss cost,
respectively. Column 6 provides the total cost, and column 7 shows the minimum efficiency
of the PV panel observed during the 20-year simulation run, which is defined as 100%
performance reduction. Finally, column 8 provides the energy loss percentage due to
dust accumulation.

Table 6. Computational test results.

2 3 4 > 6 7 Ener s Loss
1 Optimal Cleaning Total Energy  Energy Loss Total Minimum 8y
. . Percentage
Case Interval Cost Loss Cost Cost Efficiency Due to Dust
(day) (USD) (kWh) (USD) (USD) (%) (%)
Slexp 20 6.68 103.35 7.54 14.22 71.92 4.82
S2exp 29 9.61 143.61 10.48 20.10 67.57 6.94
S3exp * 34 12.48 165.37 12.07 24.55 64.63 8.21
Sdexp 41 13.94 195.65 14.28 28.22 61.99 9.85
S5exp 47 15.24 221.39 16.16 31.40 59.21 11.30
Sluae 41 3.26 194.06 3.49 6.75 62.48 9.92
S2uae 59 471 271.13 4.88 9.59 54.98 14.34
S3uae * 72 5.89 320.16 5.76 11.65 51.13 17.47
S4uae 95 5.95 414.85 7.47 13.42 4591 21.16
S5uae 99 7.18 431.35 7.76 14.94 4448 24.88

(* current electricity tariff).

For the current electricity tariff in Case S3exp and Case S3uae, the optimal cleaning
intervals are determined to be 34 days and 72 days, respectively. Specifically, the optimal
cleaning interval of 34 days for Case S3exp has practical implications because the currently
recommended cleaning interval in Abu Dhabi is 4 weeks (28 days) for the expat tariff. Since
this recommended interval is shorter by nearly one week than the optimal interval found
in this study, it may result in operating costs that are higher than necessary. Please refer
to Table S1 in the Supplementary Materials for examples of the total cost distributions
obtained from the OptQuest optimization tool for cases S3exp and S3uae.

Figure 5 illustrates the detailed cost curves of Case S3exp based on the cleaning
interval. As the cleaning interval increases, the cleaning cost decreases while the energy
loss cost increases. For a cleaning interval of 34 days, the total cleaning cost—the sum of
cleaning and energy loss costs—reaches its minimum value, thus indicating the optimal
cleaning interval. Furthermore, as the cleaning interval increases, the minimum efficiency
decreases as well.

From Table 6, as the unit cleaning cost increases, i.e., from Cases S1 to S5, both the
optimal cleaning interval and the total cost increase. From Cases S1 to S5, the cleaning
cost increases because the increasing rate of the unit cleaning cost has a higher impact on
the cleaning cost than the decreasing rate of the number of cleanings. Figure 6a illustrates
the total cost curves of Cases S1-5exp. As the unit cleaning cost increases, the total cost



Systems 2024, 12, 418 13 of 20

curve falls rapidly from a higher value, and the minimum cost increases and shifts to longer
cleaning intervals.

Cost (USD)

[+ (73] o

o (=] [=)
Min. Efficiency (%)

—
[=]

(=]
(=)

5 15 25 35 45 55 65 75 85 95 105 115 125 135
Cleaning Interval (day)

= = = Cleaning Cost Energy Loss Cost

Total Cost ~ «seesnees Min. Efficiency

Figure 5. Simulation output of Case S3exp.
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Figure 6. Optimal cleaning intervals for several cleaning costs: (a) expat tariff (Cases S1-5exp) and
(b) UAE national tariff (Cases S1-5exp).
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For Cases S1-5uae (the tariff for UAE nationals) in Figure 6b, the results show a similar
pattern to those in Cases S1-5exp: a higher unit cleaning cost results in a longer cleaning
interval. However, the optimal cleaning intervals for UAE national tariff cases are much
longer than those for expats’ tariff cases, ranging from 41 to 99 days. Thus, it still might
be financially viable for UAE nationals to delay cleaning and buy energy from the grid to
compensate for the lost energy if needed.

Figure 6b shows the impact of changing the unit cleaning cost when the electricity rate
is low (i.e., UAE nationals’ tariff). Although the shifting pattern is similar to the graph in
Figure 6a, Figure 6b shows a more flattened total cost curve, implying that determining an
optimal cleaning interval may be less critical when the electricity tariff is low.

A sensitivity analysis regarding cleaning costs and electricity tariffs is illustrated in
Figure 7. As can be seen from the chart, more frequent cleaning is required when the unit
cleaning cost is lower and the electricity tariff is higher, and vice versa.

Electricity tariff (USD/kWh)

m(.150 E0.100 0.073 0.036 @0.018

100
90
80
70
60
50
40
30
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] _
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7
%
.

o

0.038 0.058 0.078 0.
Unit cleaning cost (USD/panel/cycle)

]
=)
oo

Figure 7. Sensitivity analysis for cleaning cost and electricity tariff.

4. Discussion

As can be observed from the computational results listed in Table 6 (see Section 3.2.2),
as the unit cleaning cost decreases from Case S5exp(uae) to Slexp(uae), both the cleaning
cost and energy loss decrease. Thus, by decreasing the unit cleaning cost, we can expect
to reduce the energy loss, i.e., recover energy production, and vice versa. This subsection
further analyzes the impact of the unit cleaning cost change on energy recovery and total
cost savings and discusses the policy implications relating to energy subsidies.

To investigate the impact of a change in the unit cleaning cost from the current value
(0.0583 USD/panel/cycle) on the energy system, we define two metrics as follows. The first
metric is ‘energy recovery’, which is defined as energy production at the considered unit
cleaning cost, ranging from 0.0183 to 0.0983 USD/panel/cycle, minus energy production
at the current unit cleaning cost. Thus, energy recovery measures the amount of energy
produced above (+) or below (—) the current level when optimally cleaned by our proposed
method. The second metric is the ‘total cost savings’, which measures the cost savings
from the current level and is defined as the total cost with the considered unit cleaning cost
minus the total cost with the current unit cleaning cost.

Regarding these two metrics, Section 4.1 provides a linear regression analysis, and
Section 4.2 discusses policy implications relating to a subsidy.
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4.1. Linear Regression Analysis

A linear regression analysis was conducted based on the results of the expat’s elec-
tricity tariff cases from Table 6, as presented in Figure 8a. The dependent variable is
energy recovery in kWh, and the independent variable is the unit cleaning cost (see the
solid line and triangle marks). Their relationship shows a strong linear relationship of
y = —1440.6x + 83.483 with an R? of 0.9913. The slope of —1440.6 implies that when the unit
cleaning cost decreases by USD 0.01, the energy recovery could reach 14.40 kWh in a single
PV panel over a 20-year period. Similarly, when the dependent variable is the total cost
savings and the independent variable x is the unit cleaning cost, a strong linear relationship
is also observed, expressed as y = —212.4x + 13.235 with an R? of 0.9846 (see the dotted line
and circle marks). Thus, reducing the unit cleaning cost by USD 0.01 would result in a total
cost savings of USD 2.12 for one PV panel over a 20-year period.

A Energy Recovery ® Total Cost Saving
120 35
£ 70 N Y =— 1440.6x + 83.483 2 3
a w
) ~——__ R*=0991 =]
g 20 . AT g
3 R 5 @
o 0.018 0038 0058 0. 0.098 i
> -30 & e @]
0 Y=-2124x +13.235 5 E
Q e ©
5 R2=10.9846 =
-80 -
-15
-130 -25
x: unit cleaning cost (USD/panel/cycle)
(a)
AEnergy Recovery @ Total Cost Saving
120 A 35
Y =-3091.5x + 174.08
) “~._ R2=0.969 25 ~
) 15 =)
g 20 g
& L N 3 5
S L4 B S s @
& 0.018 0.038 0.058-_ ods o.Ms g
> -30 = O
%” Y =-155.65x +9.0224 i 5 B
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-80 15
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x: unit cleaning cost (USD/panel/cycle)
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Figure 8. Energy recovery and total cost savings per panel over a lifespan from the base case (S3)

based on the unit cleaning cost: (a) expat tariff (Cases S1-5exp) and (b) UAE national tariff (Cases
S1-5exp).

For UAE nationals’ electricity tariffs, Figure 8b illustrates another linear regression
analysis for energy recovery and total cost savings based on the unit cleaning cost. Similar
to the expats’ tariff, a strong linear relationship exists between energy recovery and the unit
cleaning cost, calculated as y = —3091.6x + 174.08 with an R? of 0.9692 (see the solid line
and triangle marks). The total cost saving also has a strong linear relationship with the unit
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cleaning cost, expressed as y = —55.65x + 9.0224 with an R? of 0. 9686 (see the dotted line
and circle marks).

Energy recovery is more sensitive to unit cleaning costs under UAE nationals’ elec-
tricity tariff compared to that of expats, as reflected by the steeper slope: —3091.5 for
UAE nationals versus —1440.6 for expats. This indicates that energy recovery under the
expats’ electricity tariff is 2.15 times less sensitive to unit cleaning costs than under the UAE
nationals’ tariff. In contrast, the total cost savings under the expats’ tariff are less sensitive
to unit cleaning costs, with a slope of —55.65, compared to the higher sensitivity of —212.4
observed for UAE nationals. This analysis suggests that while energy recovery is more
efficient for UAE nationals with lower unit cleaning costs, the overall financial benefit, in
terms of total cost savings, remains more resilient for expats. Policy implications based on
these results are discussed in the following section.

4.2. Policy Implications for a Subsidy

Table 7 briefly summarizes the results of the linear regression analysis presented in
the previous section. The symbol 57 represents the unit cleaning cost reduction defined as
—0.01 USD/panel/cycle. The energy recovery rate is the amount of energy produced, and
the total cost-saving rate is the total cost saving when 0.01 USD/panel/cycle of the unit
cleaning cost is reduced.

Table 7. Impact of unit cleaning cost reduction on energy recovery and total cost savings.

Electricity Tariff Energy Recovery Rate  Total Cost-Saving Rate Subsidy/Energy

(kWh/<y) (USD/vy) (USD/kWh)
Expatriate 14.44 2.12 0.18
UAE national 30.91 0.56 0.02

V: unit cleaning cost reduction (=—0.01 USD/panel/cycle).

When the unit cleaning cost of 0.01 USD/panel/cycle is reduced by any method, we
can expect to generate 14.4 (30.9) kWh of additional energy and save a total cost of USD
2.12 (0.56) for one panel over a 20-year period with the expat (UAE nationals) tariff. This
analysis clearly shows that there is an opportunity to produce more energy by decreasing
the unit cleaning cost. However, reducing the unit cleaning cost may not be a trivial
task without developing new cleaning technologies. To address this issue, we propose
to reduce the unit cleaning cost through a subsidy as follows. If a subsidy is provided
when PV panels are cleaned, it could be considered a reduction in the unit cleaning cost.
Then, the cleaning interval would be shortened according to the proposed decision support
system in this study, resulting in increased energy production (i.e., decreased energy losses).
Thus, this reduction in cleaning costs expands the solar PV system’s capacity without the
need to physically install additional PV panels; instead, financial resources—subsidies—
are required.

Therefore, it is worthwhile to evaluate the economic benefit of the cleaning cost
subsidy compared to the conventional solar energy production cost, i.e., the levelized cost
of electricity (LCOE). For example, the difference in the unit cleaning cost from Case S3
(current unit cleaning cost) to Case S2 (lower unit cleaning cost) is 0.02 (=0.0583 — 0.0383)
USD/panel/cycle, or 25;7. Thus, the total cost savings is USD 4.24 (=2.12 USD/x; X 2v7)
according to the rate in Table 5. If a cleaning subsidy of USD 4.24 is provided for one
panel for a 20-year period, it is expected to generate 28.88 (=14.44 kWh/</ x 257) kWh of
additional energy, which equates to a production cost of 0.18 USD/kWh.

However, since the recently reported LCOEs in the UAE are approximately
0.02-0.05 USD/kWh (Alhammami and An, 2021 [49]), the calculated production cost
of 0.18 USD/kWh may not be an attractive option. This comparison indicates that the
cleaning cost subsidy may not be suitable for replacing conventional physical investments
in the UAE at a high electricity tariff.



Systems 2024, 12, 418

17 of 20

However, for the UAE nationals’ tariff, providing a cleaning subsidy of USD 1.12
(=0.56 USD/<y x 2v7) per panel could be considered, as the unit cleaning cost is reduced
by 257 from 0.0583 (Case S8) to 0.0383 (Case S7) USD/panel/cycle. Thus, one panel in the
system will generate 61.82 (=30.91 kWh/<7 x 277) kWh of additional energy over a 20-year
period. This equates to a production cost of 0.02 USD/kWh, which is very competitive
compared to the range of the current LCOEs. While this study did not account for the time
value of money due to computational complexity in the simulation model, its inclusion
may not alter the results significantly.

For example, if a subsidy of USD 2.24 per panel over the lifespan is provided, this is
equivalent to reducing the unit cleaning cost of 457 at the UAE nationals’ tariff because
USD 2.24 = 0.56 USD/x7 x 4v/. Thus, the subsidy will generate 123.64 (=30.91 kWh/
V X 4v7) kWh/20 years or 6.18 kWh/year of additional energy.

From these results, we can conclude that providing a cleaning subsidy for the UAE
nationals’ tariff may lead PV system managers to economically optimize cleaning intervals
to enable more energy production using the existing energy infrastructure. This finding is
significant because this is the first work to identify the opportunity of implementing a clean-
ing subsidy to generate energy more economically than by a typical capacity increase. In
addition, by enhancing operation management alone, the system capacity can be increased,
thereby mitigating potential CO, emissions associated with the physical construction of
new energy systems.

5. Conclusions

This paper addresses the soiling issue related to PV solar systems. A generic frame-
work is developed based on simulation and optimization to find the optimal cleaning
interval in arid regions, considering detailed weather data and several key metrics. In
particular, the computational results found that the optimal cleaning interval for Abu Dhabi
is 34 days, which is considerably longer than the current recommended cleaning interval of
28 days.

By employing linear regression, further analysis revealed that energy recovery is
particularly sensitive with high electricity tariffs, while total cost savings are sensitive to
reductions in the unit cleaning cost with low electricity tariffs. Finally, this study introduced
anovel concept: a cleaning subsidy would alter the cost structure of the energy system and
increase its capacity economically, surpassing ordinary LCOEs.

The developed advanced framework for determining a cleaning interval is easily
applicable to other arid regions (e.g., the Middle East, Northern Africa, and Asia). To
expand the scope of this study, future research could involve varying cleaning frequencies
by season, evaluating the impact of rainfall on cleaning intervals in different regions, and
considering various cleaning technologies. Furthermore, the study of the detailed relation
between humidity and dust accumulation in the Middle Eastern climate, as well as the
consideration of the degradation of panels’ efficiency over time, are suggested as important
avenues for future research.
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