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Abstract—Photovoltaic (PV) soiling profiles exhibit a sawtooth 

shape, where cleaning events and soiling deposition periods 

alternate. Generally, the rate at which soiling accumulates is 

assumed to be constant within each deposition period. In reality, 

changes in rates can occur due to sudden variations in climatic 

conditions; e.g. dust storms or prolonged periods of rain. The 

existing models used to extract the soiling profile from PV 

performance data might fail to capture the change points and 

occasionally estimate incorrect soiling profiles. This work analyzes 

how the introduction of change points can be beneficial for soiling 

extraction. Data from nine soiling stations and a 1 MW site were 

analyzed by using piecewise regression and three change point 

detection algorithms. The results showed that accounting for 

change points can provide significant benefits to the modelling of 

soiling even if not all the change point algorithms return the same 

improvements. Considering change points in historical trends is 

found to be particularly important for studies aiming to optimize 

cleaning schedules. 

 
Index Terms— Monitoring, Photovoltaic Systems, Regression 

Analysis, Soiling, Time-series Analysis. 

I. INTRODUCTION 

oiling consists of the accumulation of dust, dirt and 

contaminants on the surface of photovoltaic (PV) modules 

and causes significant losses to PV systems worldwide [1], [2]. 

Indeed, the layer of soiling absorbs, deflects, and reflects part 

of the incoming sunlight, reducing the amount of energy that 

the PV cell can convert into electricity [3].  

A number of factors affects the soiling deposition and 

mitigation [4]–[6]. Generally, soiling deposits on the module 

surface during dry spells and can be removed either artificially 

or naturally [7]. For these reasons, the soiling loss profile is 

generally modelled as a sawtooth wave, caused by the 

alternation of cleaning events and deposition periods [8]. 
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Rainfall is the most common natural cleaning event [9]. In most 

cases, soiling is assumed to accumulate at a fixed rate (i.e. 

linear) during the deposition periods [10]–[13], whereas some 

authors have suggested exponential soiling deposition models 

[14].  

Monitoring soiling is essential to better mitigate its effect on 

the energy production. Generally, this is performed through 

soiling stations or detectors, but the soiling profiles can also be 

“extracted” directly from PV performance data, without the 

need of installing any hardware. Such soiling extraction models 

are able to determine the cleaning frequencies and the severity 

of the soiling deposition rates throughout the various periods of 

the time-series. For this reason, they can actually be employed 

on both soiling measurement devices and PV performance data 

to analyze seasonality and variability of historical soiling 

trends.   

Two soiling extraction models have been presented in 

literature; the fixed rate precipitation (FRP) model [10] and the 

stochastic rate and recovery (SRR) model [12]. The FRP model, 

which requires a performance metric and the rainfall pattern as 

inputs, generates a soiling profile by applying a fixed soiling 

rate to all dry periods [10]. The SRR model calculates the 

soiling rates between each pair of consecutive cleaning events 

and generates a number of potential soiling profiles by using a 

Monte Carlo simulation [12]. This method does not require any 

weather data as input, since cleanings are identified on the basis 

of positive shifts on the performance index. This weather-

unaware approach has the advantages of not requiring the 

understanding of natural cleaning mechanisms, nor the 

knowledge of the operation and maintenance (O&M) schedule, 

which might be imperfectly reported or difficult to obtain. 

Indeed, not all rainfall events have cleaning effects. There have 

been discussions in literature regarding the existence of 

minimum rainfall thresholds [10], but no consensus has been 

reached yet on its value. Also, other meteorological parameters, 
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such as wind and dew can naturally clean the PV modules. 

Therefore, a model based only on precipitation would not be 

able to detect non-rainfall related cleanings.  

Both methods assume a sawtooth waved soiling profile. 

While this is often an acceptable approximation, significant 

benefits can be obtained by introducing change point analysis 

in soiling extraction models [15]. As such, changes in 

deposition rates, which can be caused by sudden variations in 

the climatic conditions can be detected; e.g. when a dust storm 

occurs or a rainy period ends.  

Performing change point detection becomes particularly 

important when a weather-unaware approach is selected. For 

example, a cleaning-only extraction method would not be able 

to identify the switch from a rainy period, with no soiling 

accumulation, to a dry spell, where severe soiling deposition 

can occur. This means that it would model only a single soiling 

rate for the whole period, affecting the analysis of soiling 

seasonality and biasing the identification of the optimal 

cleaning schedules. 

This work builds on a previous study from some of the 

authors, which demonstrated that change point detection can be 

beneficial for soiling extraction and analysis [15]. In that work, 

segmented (or piecewise) regression was employed to identify 

changes in the soiling deposition rates within dry periods. The 

segmented regression method required as input the number of 

change points in each deposition period, which had to be 

estimated in advance. In order to address this limitation, the 

present work explores alternative methods for change point 

detection that can be used for PV soiling analysis studies. 

Change point detection has been sparsely used in PV. Recently, 

such methods were used to identify changes in nonlinear 

degradation profiles [16], [17], while no applications were 

found for PV soiling analysis. 

Compared to the aforementioned study [15], where only the 

piecewise regression was used to identify change points and fit 

the deposition rates, three change point identification 

algorithms were also tested in this work. These make it possible 

to consider different numbers of change points per deposition 

period. Furthermore, additional sites were considered in order 

to assess the change point techniques in a wider variety of 

soiling conditions and characteristics. This includes also the 

soiling analysis of a commercial 1 MW system in Southern 

Spain. 

II. METHODOLOGY 

A. Soiling Data 

The soiling profiles measured by 9 soiling stations installed 

in the U.S. have been used. In particular, the daily soiling ratios 

and the daily rainfalls shown in Ref. [18] were provided. 

Soiling is quantified by the soiling ratio, which expresses the 

ratio of the energy output of a PV device to the energy output 

that the same PV device would produce if soiling was not 

present [19]. It has a value of 1 if no soiling losses occur, 

whereas it decreases otherwise. A second metric, named soiling 

rate, describes the daily derate of the soiling ratio. It has a value 

of 0%/day if there is no soiling deposition on the modules’ 

surfaces, otherwise it assumes negative values.  

In order to prepare the data for the analysis, two data pre-

processing steps were considered (see Fig.  1). Initially, a two-

sigma rule filter was applied to remove outliers: any i-value 

outside of two standard deviations of the mean of the values 

within i-7 and i+7 was considered an outlier (i is days in this 

example). Furthermore, several daily soiling ratios were 

missing due to the irradiance filter (≥ 700 W/m2) [20]. For this 

reason, back-filling of missing data was performed according 

to the Next Observation Carried Backward (NOCB) method 

[12]. 

In addition to the soiling stations, the 2019 DC performance 

ratio profile of a 1 MW PV system, installed near Granada, 

Spain, was considered in this work. The system consists of 

mono-crystalline modules facing south and mounted at a tilt 

angle of 30°. The energy yield and performance profiles were 

extracted from the hourly DC power of one of the strings using 

the methodology described in Refs. [20], [21] and the weather 

data from Ref. [22]. The site is characterized by a long dry 

summer, with no rainfalls between April and September. An 

artificial cleaning was performed on August 5th by the site’s 

O&M team but for the sake of this investigation, it is considered 

as an additional rain event.  

B. Change Point Classification 

Change points are generally classified as “continuous” or 

“discontinuous” [23]. In the first case, only a change in slope 

 
Fig.  1. Soiling profile for Site 1 in California, USA. The green vertical lines 
mark the outliers identified through the two-sigma rule method, whereas the red 

markers show the result of the back-filling procedure. Cleaning events detected 

by the SRR method are marked by orange vertical lines [12]. The rainfall (right 

y-axis) is indicated by the blue bars. 

 
Fig.  2. Daily performance ratio in 2019 for a 1 MW system in Southern Spain. 
The soiling profile was extracted by considering the rainfall pattern, and a 

change point on June 22nd due to a dust laden wind. The applied methodology 

is described in Refs [20], [21] and the rainfall data were sourced from MERRA-
2 [22]. Continuous and discontinuous change points (CP) are highlighted. 

Discontinuous change points are due to rainfalls (March 24th and September 8th) 

and an artificial cleaning (August 5th). Continuous change points are due to the 
start of dry spells (March 7th and April 26th) and a dust laden wind (June 22nd). 

Artificial cleanings are assumed to cause a positive shift in soiling ratio, but no 

change in soiling deposition rate [20], [21]. 
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occurs (e.g. caused by a prolonged rainy period followed by a 

dry spell) whereas, in the second case, a step is present (e.g. 

caused by a cleaning event). Examples of the two classes of 

change points are shown in Fig.  2 for the soiling profile of the 

1 MW PV system [20]. This work focuses on continuous 

change points only, as their identification has not been 

previously addressed in the literature. Therefore, if not 

otherwise specified, the term “change point” (CP) in this work 

refers to a “continuous change point”.  

C. Soiling Profile Extraction 

Each soiling station’s time-series was divided in segments 

delimited by two consecutive events (i.e. cleanings and change 

points). A cleaning event produces a positive shift in soiling 

ratio and the time between two consecutive cleanings is called 

“deposition period”. On the other hand, a change point does not 

produce any abrupt change in soiling ratio and splits a 

deposition period in two segments of different slopes (i.e. 

soiling rates) that join at the change point (i.e. have the same 

soiling ratio at the change point).  

Cleaning dates were determined by using the pv_soiling 

code [12], [24]. The distribution of the daily variations in 

soiling ratio was analyzed, and the third quartile (Q3) and the 

interquartile range (IQR) of the absolute values of the 

differences between neighbor soiling values were calculated. 

Cleanings were identified in those dates in which a positive 

shift in the performance data larger than 𝑄3 + 1.5 ∙ 𝐼𝑄𝑅 

occurred. While some authors have suggested site-specific 

tuning of this equation [13], in this work it has been used in its 

original version; same for all the sites. 

Four different approaches were applied for detecting the 

change points (more details in Section II.D): segmentation (or 

piecewise regression), Pruned Exact Linear Time (PELT) 

algorithm, Facebook Prophet (FBP) algorithm, and the 

Bayesian estimation of abrupt change, seasonality and trend 

(BEAST). The last three methods are classified as change point 

detection algorithms.  

In particular, the four methods were used to model the 

soiling ratio of any deposition period of at least 7 days. While 

segmentation has been employed to simultaneously detect the 

change points and fit the data, the other three algorithms were 

only used to detect the dates in which the change points 

occurred. The m number of dates identified for each deposition 

period were then given as inputs to the curve_fit function in the 

SciPy library [25], which was used to fit the data in each 

deposition period with an m+1 number of linear functions. Any 

change point detected within one week of a cleaning event was 

discarded. 

D. Change Point Detection Algorithms 

Segmented or Piecewise Regression (Segm). Compared to 

linear regression, in segmented or piecewise regression, the 

data are fit through more than just one line. Similar to the 

previous work [15], the soiling ratio in each deposition period 

is divided into two continuous segments: 

 𝑦 = 𝑎0 ∙ 𝑥 + 𝑏         if 𝑥 < 𝑥0 

 𝑦 = 𝑎0 ∙ 𝑥 + 𝑏 + 𝑎1 ∙ (𝑥 − 𝑥0)  if 𝑥 ≥ 𝑥0 

where x is the date, y is the soiling ratio, a0 is the soiling rate in 

the first segment, (a0 + a1) is the soiling rate in the second 

segment, b is the value of the soiling ratio at the start of the 

deposition period and x0 is the date in which the rate change 

occurs. The segmented regression equations are defined 

through the piecewise function in the NumPy library [26]. The 

initial guesses were set to: x0 = 7 days, a0 = 0 %/day, a1 = 0 

%/day and b = 1. In addition, these bounds were chosen 0 ≤
𝑥0 ≤ 𝑁, 𝑎0 ≤ 0 and 0 ≤ 𝑏 ≤ 1, where N was the total number 

of days in each deposition period. No bound was set for 𝑎1. 

When segmentation is used, change point identification and 

data fitting occur at the same time. 

In the present form, segmented regression can only identify 

one change point per deposition period. For this reason, three 

change point algorithms, able to identify a flexible number of 

changes per period, were also tested. 

Pruned Exact Linear Time (PELT). PELT is an offline 

change point detection algorithm first presented in 2011 [27]. 

This method is based on the optimal partitioning algorithm [28]. 

The change points are detected through the minimization of the 

sum of the penalized cost functions of the segments in which 

the change points split the data series. PELT improves the 

computational efficiency of the original method through 

pruning (i.e. by removing at each iteration non-optimal change-

point candidates) [27]. The PELT algorithm, in this work, has 

been implemented in Python 3.7.0 through the ruptures library 

[29]. It requires a penalty value as an input, which is used to 

prevent overfitting (e.g., identifying noise as change points) as 

it increases the cost of adding change points during the cost 

function minimization process. Higher penalty values decrease 

the computational cost and the number of detected change 

points, which might cause underfitting, while lower values are 

more at risk of overfitting. Its value is not defined a priori, and 

it is actually considered an “open question” by the research 

community, as it can significantly affect the results [30]. One 

of the most common approaches is to set the penalty 𝛽 = 𝑝 ∙
ln(𝑛), where p represents the number of additional parameters 

introduced by adding a change point and n is the number of days 

in each time-series [31]. The penalty (𝛽) equation, in the 

aforementioned form, could have led to data overfitting [32] 

and, for this reason, the value p was adjusted by considering the 

data from three of the tested sites. For each of these sites (Sites 

2, 3 and 4), the expected number of minimum change points 

was visually determined and set to 1. The analysis showed that 

any p ≤ 3 returns at least 1 change point for those three sites 

(see Fig.  3). As expected, the number of change points 

increases while the value of penalty decreases due to 

overfitting. On the other hand, excessively large penalty values 

 
Fig.  3. Number of change points depending on the value of p in the penalty 
equation. The grey area marks the conditions in which the number of expected 

cleaning is respected for the three sites used for tuning. 

https://doi.org/10.1109/JPHOTOV.2020.3043104


Accepted Manuscript (Postprint): L. Micheli et al., “Improved PV Soiling Extraction through the Detection of Cleanings and Change 

Points,” IEEE Journal of Photovoltaics, Volume: 11, Issue: 2, March 2021. DOI: 10.1109/JPHOTOV.2020.3043104 

©2021 IEEE. Personal use of this material is permitted.  Permission from IEEE must be obtained for all other uses, in any current or future media, including reprinting/republishing this 

material for advertising or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or reuse of any copyrighted component of this work in 

other works. 

make it impossible to identify change points. Hence, the last 

value at which the criterion was met was selected (p = 3). This 

value, and the equation used for the penalty, should be the focus 

of future studies, as those used in this work should not be 

assumed to be necessarily valid for any soiling study.  

Facebook Prophet Algorithm (FBP). FBP is an open-source 

library, available in Python and R, used to forecast time-series 

based on an additive decomposition model, which combines 

trend, seasonality and holidays (neglected in this study) [33]. A 

piecewise linear model is applied by default for the trend 

whereas seasonality is modelled as an additive component. This 

method has been applied elsewhere for detecting change points 

in PV performance time-series in order to compute nonlinear 

degradation rates [16], [17]. However, since the rates of change 

for degradation rates differ from the soiling rates, the FBP was 

calibrated to provide meaningful results for PV soiling 

behavior. In order to achieve this, the flexibility of the extracted 

trend (changepoint_prior_scale = 0.4), potential change points 

(n_changepoints = 50) and range (changepoint_range = 1) were 

adjusted, similar to the process reported by Theristis et al. [16]. 

Since not all investigated sites exhibit the same (or any) 

seasonal behavior, the FBP seasonality settings (i.e., daily, 

weekly, yearly, custom) were set as False to avoid recalibration 

at each site. 

Bayesian Estimation of Abrupt Change, Seasonality and 

Trend (BEAST). The BEAST is an analytical option for robust 

change point detection and nonlinear trend analysis developed 

as a MATLAB library and an R package called “RBeast”. It is 

a time-series decomposition algorithm that utilizes the 

ensemble modelling technique for pooling the results of 

multiple fitted models and combining them into an improved 

final model via a Bayesian model averaging [34]. The BEAST 

algorithm decomposes the time-series into three components 

(abrupt changes, periodic/seasonal changes and trends), 

enabling the extraction of trend and detection of change points. 

Some of the advantages of this algorithm include the ability to: 

a) quantify the likelihood (probability) of the detected change 

points and b) reduce overfitting due to the combined use of 

multiple models. However, it requires high computational 

needs/power when using large datasets with multiple time-

series. In this work, the BEAST algorithm tuning was 

performed using the provided dates for Site 1 and the CP 

method of the RBeast algorithm was provided with the input 

values shown in Table I. For the investigated soiling stations’ 

time-series, the period of the cyclic component was determined 

by specifying an integer number that indicates the number of 

observations per cycle (e.g., for complete and daily sampled 

annual time-series, the period of the cyclic/seasonal component 

is set to 365).  

A different soiling profile was generated for each change 

point approach and site by modelling individually each soiling 

deposition period in the time-series. The fitting was performed 

by providing as input the change point dates and by modelling 

a number of linear segments equal to the number of change 

points +1. Consecutive segments were modelled to join at the 

change points. 

E. Evaluation Criteria 

The extracted soiling profiles were compared using the 

coefficient of determination (R2) and root mean square error 

(RMSE) as criteria. Extractions were performed through both 

the cleanings-only (CO) and the cleanings-and-change-points 

(CCP) approaches.  

It should be noted that the addition of change points increases 

the number of intervals in which each time-series is divided and 

the degrees of freedom. Unavoidably, this leads to a reduction 

in the modelling error despite whether the change points are true 

or the result of overfitting. For this reason, the CO method was 

mainly employed as a baseline for the comparison of the 

different CCP profiles.  

III. RESULTS AND DISCUSSION 

A. Change Points Identification 

The impact of considering change points for the extraction of 

soiling profiles is shown in Fig.  4. The models demonstrated 

an RMSE reduction over 40% in the best-case scenario, 

depending on the applied algorithm. Although none of the 

approaches systematically outperformed the others, PELT 

demonstrated the least significant improvements, especially for 

Sites 1 and 9. These results might be improved in future with a 

finer selection of the penalty value. It is worth mentioning that 

despite its simplicity and the assumption of a single change 

point, the results of segmentation are similar to those obtained 

by the change point algorithms.  

Fig. 5 shows the soiling profiles generated with the change 

point methods for four representative sites. These were selected 

as examples of maximum (Site 1 and 9), minimum (Site 7) and 

average (Site 6) CCP extraction improvements.  

Despite its strong sawtooth profile, Site 1 benefits 

considerably from considering change points. As can be seen, 

after some cleaning events, the start of the soiling deposition is 

delayed by a few days. In particular, this occurs in Fig. 5 for the 

 
Fig.  4. Relative reduction in RMSE obtained with the cleaning-and-change-
points (CCP) approaches compared to the cleanings-only (CO) method. Left 

plot: RMSE drop obtained by each CCP method for each site. Right plot: 

average RMSE drop of each CCP method (S: Segmentation, P: PELT, F: FBP, 
B: BEAST). If no bar is shown, the method does not provide a significant 

improvement for the specific site. 

 

TABLE I 
INPUT PARAMETERS USED FOR RBEAST MODEL 

Input Parameter Value 

Period of the cyclic/seasonal component 
Number of observations per 

cycle 

Minimum and maximum polynomial 
order to fit the trend 

0 and 4 

Minimum and maximum harmonic order 

allowed in fitting seasonal component 
0 and 4 

Minimum separation distance between 

neighboring trend change points 
7 
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detected change points 1AS, 1CS, 1DS, 1AF, 1DF and 1CB (first 

number indicates the site). The identification of this 

phenomenon through segmentation makes it possible to lower 

the RMSE by more than 20%. Both FBP and BEAST detect at 

least one change point in June 2015 (1BF, 1CF, 1BB), when a 

positive shift occurs in the soiling ratio profile. This might be 

due to a cleaning event that remained undetected and that could 

have been identified if the SRR cleaning detection equation was 

 

 
Fig.  5. Cleanings-Only (CO) and Cleanings-and-Change-Points (CCP) profiles for Site 1 (upper left plot), Site 6 (upper right plot), Site 7 (lower left plot) and Site 
9 (lower right plot). Each plot shows five graphs, from top to bottom: CO profile, Segmentation-based CCP, PELT-based CCP, FBP-based CCP and BEAST-based 

CCP. Change points are labelled with a number (corresponding to the site number), a letter from A to F assigned in chronological order, and a subscript referring 

to the change point detection algorithm (S: Segmentation, P: PELT, F: FBP, B: BEAST). 
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tuned. Nevertheless, this also confirms that the possibility of 

using change point detection algorithms for cleaning 

identification should be further investigated. Lastly, it is worth 

mentioning that, compared to segmentation, change point 

detection algorithms were capable of identifying multiple 

change points within the same deposition period; this occurs 

between August and October 2015 (1DF, 1EF, 1CB, 1DB). 
  

 

Similar results for all methodologies were obtained for Site 

6, with drops in RMSE between 20% and 25%. This is mainly 

achieved by segmenting the dry period between May and 

October 2013, which starts with a small deposition rate, 

followed by a more intense soiling period (6BS, 6AP, 6BP, 6CP, 

6BF, 6AB, 6BB, 6CB). As such, the splitting of shorter deposition 

periods made by all the approaches in June 2014 (6CS, 6DP, 

6DP, 6EP) and October 2014 (6DS, 6EP, 6EP, 6FP) enabled 

improvements in the soiling extraction. 

Site 7 exhibited the lowest RMSE improvements by the 

change point detection algorithms. In this case, FBP yielded a 

difference of 14% compared to the worst performing CP 

algorithm, PELT. With respect to BEAST, the 9-day delay (7AB 

compared to 7AF) reduced the RMSE drop to 4%. 

The largest improvements in RMSE were exhibited in Site 9. 

This is mainly due to the fact that each cleaning is followed by 

a tail of rain events that prevents soiling from depositing on the 

modules immediately after the cleaning. This is particularly 

clear in the period between September and December 2015. 

PELT was the only method that failed to identify the change in 

soiling rate during that period. As such, it returned the lowest 

drop in RMSE of around 3%.  

Of the investigated methods, Segm and FBP showed the 

highest modelling improvements for the considered sites, with 

average RMSE drops > 20% (right plot of Fig. 4). Segmentation 

is the only method that does not need any tuning, making it easy 

to apply, but requires in advance the exact number of change 

points per fit. The other methods automatically determine the 

number of change points, but require calibration. Different 

calibration parameters than those detailed in II.D can result in 

different estimates. Based on these results, a simple Python 

code that can be used to apply segmentation to soiling 

deposition periods has been made available on GitHub [35]. 

As mentioned, soiling extraction methods can find 

application to both soiling station and PV performance data. 

However, it should be noted that such data can be exposed to 

different levels of noise and issues that can affect the quality of 

the analysis. This means that change point alghorithms will 

likely need to be recalibrated when used for different PV and/or 

soiling datasets. Therefore, no universally-valid calibration 

settings might exist.  

In particular, tuning of change point alghoritms is expected 

to become more important as the data get more noisy and can 

change depending on the goal of the analysis. For example, in 

some of the cases analyzed in this study, it is possible to observe 

abrupt downward shifts in the soiling station profiles (Fig. 5). 

Such sudden changes are caused by less frequent cleaning of 

the “reference” cell in a soiling station. Soiling builds up almost 

equally on the two devices of the stations when no cleaning 

occurs and, therefore, the effect of soiling deposition can only 

be measured when soiling is removed from the reference 

device. These abrupt changes have been occasionally detected 

as change points by the algorithms (e.g. 1AP, 1DB, 7DB, 9IS): 

finer tunings might be able to solve this problem. On the other 

hand, it might be possible, in future, to tune the algorithms in 

order to identify the soiling station’s cleaning days (abrupt 

downward shifts) and correct the soiling measurement [36]. 

Similarly, the same algorithms could also be used to recognize 

those dates in which positive shifts in performance occur (due 

to natural cleaning events or O&M activities).  

B. Cleaning Schedule Optimization 

As discussed in Ref. [15], considering change points had a 

limited impact on the calculation of the average soiling ratios, 

obtained as mean of the daily values over a time period (Fig.  

6). However, the most significant effect of change points was 

found in terms of the RMSE between daily modelled profiles 

and measured profiles. This becomes particularly important 

when the extracted soiling profiles are used for cleaning 

schedule optimization and prediction studies. 

In a previous publication [8], weather generators were used 

to stochastically estimate potential rainfall patterns of a site 

[37]. In the same work, the importance of understanding the 

monthly variability of soiling rates was also highlighted. Lastly, 

 
Fig.  6. Average soiling ratio measured by the soiling stations (“Measured 
Data”) and obtained with the cleaning-only method (“CO Profile”) and with the 

cleaning-and-change-points approaches. 

 

 
Fig.  7. Top Plot: Soiling Ratio profiles for a 1MW PV plant in Southern Spain, 
between April 24th and August 6th, 2019. The brown line shows the soiling 

profile generated when the actual soiling rate change date (June 22nd, 2019) is 

considered. The grey dash dotted line shows the soiling profile extracted by 
using only cleaning events. The orange dashed line shows the soiling profile 

extracted through segmentation. Bottom Plot: Average daily PM10 

concentrations measured by two PM10 monitors in Granada [38]. No data are 
available for Monitor A from July 25th to 6th of August. 
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that investigation showed that typical soiling profiles could be 

predicted by combining the generated rainfall patterns and the 

monthly soiling rates statistically determined from historical 

data. These profiles could be used to estimate in advance the 

optimal cleaning frequency of a site and to determine the times 

in which cleanings are typically more economically viable. 

Change points can play a key role in this effort, as they can 

differentiate between high and low soiling rate intervals within 

the same deposition periods, which can last for several months, 

rather than assuming constant soiling rates. An example of their 

use is provided by analyzing the performance of the 1 MW plant 

described in Section II.A, whose profile was shown in Fig.  2.  

The daily soiling ratio profile of the Spanish site recorded in 

the dry spell between April and August is shown in the upper 

plot of Fig.  7. This summer dry spell takes place from the 

rainfall event on April 25th to the cleaning event on August 5th. 

A change in soiling deposition occurred on June 22nd, in the 

middle of the period. This was due a dust and sand-laden wind, 

as also confirmed by the recordings of two particulate monitors 

installed in the town of Granada (lower plot of Fig.  7), less than 

20 km from the PV site [38]. The average of the daily mean 

coarse particle matter concentrations (PM10) ranged from 25 ± 

6 µg/m3 to 41 ± 10 µg/m3 for Monitor A and 24 ± 5 µg/m3 to 33 

± 9 µg/m3 for Monitor B, for the periods between April 26th - 

June 22nd and June 22nd - August 4th.   

The “actual” summer soiling profile, built through 

segmentation by forcing June 22nd as a change date, is depicted 

with a brown line in Fig.  7. Compared to the soiling profile 

shown in Refs. [20], [21], where the soiling rate was extracted 

first from the first deposition period, and only subsequently 

from the second period, the two periods have been fitted 

simultaneously to reduce the overall modelling error. 

If the whole period was modelled through a cleanings-only 

approach, the soiling ratio would have a profile shown by the 

dash dotted grey line in Fig.  7, characterized by a single soiling 

rate for the whole period. If segmentation was used to identify 

a change point, this would be found on June 16th and the soiling 

profile would have the more-realistic profile shown by the 

dashed orange line.  

 Table II summarizes the characteristics of the soiling 

profiles for that long dry summer spell when change points are 

considered versus neglected. For simplicity, segmentation was 

the only method employed for change point detection; this is 

the easiest method to use, as it does not require any tuning, and 

the one showing the best results for the considered set of sites 

(Fig.  4). While the average soiling ratio was not affected 

significantly by neglecting the change points, a cleaning-only 

approach was found to underestimate the maximum loss. 

The optimal cleaning day is when a cleaning generates the 

largest energy recovery (i.e. maximum average soiling ratio) in 

a single cleaning scenario. If one had to visually determine the 

most convenient cleaning day for this example, a date in the 

middle of the most severe soiling deposition period (June 22nd 

to August 4th) would be selected. In particular, a date in the 

middle of this period is returned (July 14th) by analyzing the 

“actual” soiling profile with methodology proposed in Ref. [8] 

and by assuming that the cleaning would have not changed the 

soiling rate. On the other hand, the results in Table II show that 

neglecting the change in soiling deposition rate would lead 

instead to selecting June 16th as the optimal cleaning day. This 

date in reality is part of a period of no or limited soiling, as it is 

more than a month earlier than the sand leaden wind. For this 

reason, cleaning on June 16th would have none or limited effect 

on the soiling ratio. According to an economic analysis 

conducted on the investigated PV site [20], cleaning the system 

28 days earlier than the optimal date would make soiling 

mitigation almost no profitable (< 0.1% increase in Net Present 

Value compared to a no-cleaning scenario). In contrast, the 

CCP profile generated through segmentation returned a date 

within 3 days from the optimal cleaning day. This would 

maximize the returns of soiling mitigation (> 3.5% increase in 

Net Present Value), with only a limited difference compared to 

the benefits of an optimal cleaning schedule [20]. 

The CCP ability to analyze historical soiling trends more 

accurately than a CO approach makes change points an 

important tool toward the development of methods to 

characterize the seasonality of soiling, to generate future soiling 

profiles and to also identify in advance the cleaning frequencies 

and dates that are typically more cost effective.  

This simple example aims to further demonstrate that change 

points can be a useful tool for automated PV soiling extraction. 

In the given example, change points made it possible to identify 

a variation in soiling rate due to a change in suspended particle 

concentration. As mentioned earlier, they might be of use in a 

number of other conditions as well, such as in the case of a 

switch from a prolonged rainy period to a dry spell, or in the 

case of seasonal harvesting or tilling activities taking place near 

a PV site.  

IV. CONCLUSIONS 

This paper investigated the impact of identifying change 

points in PV soiling extraction. Segmentation and three change 

point algorithms were employed to detect the locations of 

change points using field data from nine soiling stations.  

Overall, considering change points was found to improve the 

soiling extraction compared to a cleaning-only approach. Not 

all sites benefitted from the change point detection algorithms 

and not all algorithms behaved similarly. In particular, among 

the investigated approaches, PELT exhibited the lowest RMSE 

improvements, although it should be further investigated since 

refined penalty values could potentially enhance the results. 

The relatively simplest approach of segmentation returned 

TABLE II 
CHARACTERISTICS OF THE EXTRACTED SOILING RATIO PROFILES BETWEEN 

APRIL 26TH
 AND AUGUST 4TH. 

Method 
Avg. 

Soiling 

Ratio 

Min 
Soiling 

Ratio 

Soiling Rates 
before and 

after the CP 

Change 
Point 

Date 

Recomme

nded 

Cleaning 
Date 

“Actual” 

Profile 
0.97 0.86 

-0.01% 

-0.34% 

June 

22nd 
July 14th  

CO 
Profile 

0.96 0.92 
-0.08% 
-0.08% 

N.A. June 16th 

CCP 

profile 
0.97 0.87 

-0.00%,  

-0.29% 

June 

16th  
July 11th  
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comparable results with the best performing change point 

algorithm (i.e. FBP).  

Furthermore, segmented regression was also applied on a 1 

MW PV plant for benchmarking purposes. It was shown that a 

change-point-unaware soiling extraction can lead to identifying 

non-optimal cleaning dates. This can negatively impact the 

analysis of historical soiling data and the development of 

cleaning optimization and forecasting methods. 

Future research directions are suggested throughout the 

paper. Improving the tuning of the change point algorithms can 

lead to different results. Although the change point detection 

algorithms were tested for variations in soiling rate deposition 

(i.e. continuous change points), they could also be used to 

identify cleaning events (i.e. discontinuous change points). 

Finally, change point algorithms might also be tuned to 

recognize infrequent cleaning conditions and provide useful 

information to correct soiling station measurements. 
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