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1 | INTRODUCTION  

Abstract 

Extracting accurate soiling loss information from photovoltaic (PV) production data 

first requires segmenting the time series data per natural or manually occurring 

cleaning events. Maintenance logs are often incomplete, rain data are often 

unavailable, and the debate on rain thresholds for cleaning and dew or wind cleanings 

is still ongoing. The present work aims to overtake these issues by improving auto-

mated methods to detect these cleaning events and therefore improve extraction of 

soiling loss information. Time series power production data from 22 PV inverters 

were labeled for natural or manually occurring cleaning events. The data sets were 

carefully selected to include varying degrees of soiling, cleaning events, and noise. 

Several algorithms, including filtering logic and change point detection, were exam-

ined for efficacy at detecting the labeled cleanings. All the methods introduced 

except for changepoint detection showed significant improvement at detecting the 

labeled cleaning events per the mean F1 score. Furthermore, the highest performing 

cleaning detection algorithm achieved an absolute increase in the mean F1 score of 

43% over the default version of the RdTools stochastic rate and recovery (SRR) algo-

rithm. The highest performing algorithm included irradiance filtering and a cleaning 

detection threshold, adjusted based on the 40-day centered rolling median of the 

absolute day-to-day deviations in the daily performance index (PI). These improve-

ments are promising as cleaning detection is an essential step in the automated anal-

ysis of PV soiling. 

K E YWORD S  

photovoltaics, soiling, soiling extraction, time series data 

While the concept of PV soiling is simple (dirty air leads to dirty glass 

and reduced transmission of light), both modeling and measuring PV 

Photovoltaic (PV) soiling is the loss of PV output power due to the soiling has proven to be a complex topic resulting in much academic 

deposition of dust, dirt, pollen, or other airborne particulates on the work over the last decade.1,2 Modeling efforts have focused on relat-

surface of PV modules. The deposited soil prevents incoming solar ing environmental parameters such as airborne particulate levels, 

irradiance from being transmitted through the front surface glass into pollution sources, soil types, land use categories, climate zones, win-

the active PV semiconductor material, resulting in output power loss. dspeed, relative humidity, and other variables to dust deposition 
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rates.3–12 Research efforts in the area of measuring PV soiling losses 

have focused on techniques and novel equipment,13–23 as well as 

developing algorithms to extract soiling losses directly from PV sys-

tem data.24–31 Each of these efforts is intimately tied together. Inde-

pendent engineers, project planners, and financial institutions must 

forecast the performance of new PV systems, and soiling loss models 

are needed to reduce uncertainty and de-risk projects. Logically, any 

academic effort to develop soiling loss models based on environmen-

tal parameters requires validation against soiling loss measurements 

or losses extracted from PV time series data. It is paramount for PV 

system owners to quantify soiling losses at the system level, as this 

directly accounts for lost energy and drives project operations and 

maintenance (O&M) and subsequent financial decisions.32 System 

level soiling losses can be complicated by the practice of overbuilding 

PV DC capacity in relation to an inverters AC capacity (resulting in 

what is called inverter clipping). For example, if dust on the PV surface 

is reducing light reaching the solar cells by 10% but at the same time, 

due to DC overbuild, the inverter is clipping more than 10% of the 

available power, no soiling losses will be directly observable in the AC 

signal. Soiling losses are further mixed in with other loss factors that 

are dependent on parameters such as irradiance, shading, tempera-

ture, and other variables; hence, the effort to develop direct soiling 

measurement equipment. All soiling measurement equipment pro-

posed thus far is of small-scale geometry (typically less than 1 m2), 

while solar fields can be on the order of kilometers. For this reason, 

even accurate soiling measurements must be translated to losses that 

are equivalent for the PV system. Consequently, one must have paral-

lel high-quality soiling measurements and PV time series data (for 

extracting soiling losses) in order build and validate all the necessary 

models. 

The work presented here is focused specifically on improving the 

algorithms and models for extracting soiling loss information from 

time series PV power data. Each day in the time series is first 

converted to a daily performance index (PI) by dividing the cumulative 

daily energy produced by the expected or modeled daily energy 

produced,27 where a PI value of 1 is expected when no soiling is pre-

sent. Methods to extract soiling losses from PV PI data generally are 

based on early work by Kimber et al.24 that assume that the embed-

ded soiling signal follows a sawtooth pattern, that is, a rainfall or other 

cleaning causes and abrupt upward shift in the daily PI, followed by a 

linear decline in the PI due to the solar panels getting dirty each day 

until the next cleaning event and the start of another sawtooth. 

Figure 1 provides an example soiling data that generally follows a 

sawtooth pattern (shown in red) with the exception of a multimonth 

period in the winter of 2018–2019 where frequent rainfall (shown 

with green dashed lines) prevents substantial soiling from occurring 

therefore the red fit remains flat at 1. 

Mejia et al.25 tested slight variation in fit methods as compared 

with Kimber but concluded that using a linear assumption for soiling 

periods was acceptable. Both Mejia and Kimber divided the data into 

soiling intervals based on rain events and made subjective decisions 

on the rain threshold used to divide the data set; therefore, the 

extraction process was not automated. In Figure 1 there are two 

upward shifts or cleaning events in the PI (July 2018 and August 

2019) that do not coincide with a recorded rainfall. These cleanings 

could be due to unrecorded rain or other types of cleanings such as 

sufficient dew runoff, wind cleaning, or a manual cleaning by the 

O&M staff. Deceglie et al.27 introduced an algorithm named the sto-

chastic rate and recovery (SRR) method that avoided use of rainfall 

data and instead detected cleaning events based on daily upward 

steps in the rolling median that were greater than Q3 + α(Q3–Q1), 

where Q3 and Q1 are the third and first quartiles (Q3–Q1 is known as 

the interquartile range [IQR]), respectively, and α is a user-adjustable 

multiplier. Furthermore, Deceglie fit the soiling intervals using the 

Theil Sen estimator, rather than the least squares method,27 to reduce 

sensitivity to outliers. Deceglie also applied a Monte Carlo approach 

to report statistical fitting uncertainty of the soiling intervals. This 

algorithm is available via the National Renewable Energy Laboratory's 

(NREL's) RdTools open-source repository, so others in the PV industry 

can test the method on their own PV data sets.33 Skomedal et al.28 

applied a version of SRR to three PV systems in the Middle East 

where manual cleanings were known from O&M reports and rainfall 

data were available to visually identify natural cleanings. The SRR 

method was reported as valuable for soiling trend extraction with the 

following caveats: (1) the threshold for detecting cleanings should be 

adjusted based on the amount of noise in the data set, (2) the SRR's 

accuracy has significant dependence on the noise in the underlying 

PV time series data, and (3) implementing filtering to reduce PI noise 

F IGURE  1  PI data that demonstrates the 
assumption that soiling can be modeled per a 
sawtooth pattern (given by the solid red lines). 
The winter of 2018–2019 has frequent rainfall 
(dashed green lines) and therefore little to no 
soiling occurs in this time period. Upward shifts in 
the PI (vertical red lines) are aligned with rainfall in 
all but 2 days (July 2018 and August 2019) where 
these days are assumed to have manual cleaning 
of the system [Colour figure can be viewed at 
wileyonlinelibrary.com] 
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improved SRR results. In a later article, Skomedal and Deceglie29 pres-

ented the combined degradation and soiling (CODS) algorithm, with 

the intent of extracting degradation and soiling trends from a PI time 

series using a single algorithm. CODS assumes that the PI signal can 

be decomposed into distinct soiling, degradation, and seasonal signals, 

with noise converging through an iterative process by minimizing the 

root-mean square error (RMSE) between the resulting model and the 

daily PI. The soiling signal derivation is based on the assumption that 

cleaning events can be detected, and serve as a boundaries for soiling 

periods, consistent with the other above approaches. Skomedal and 

Deceglie29 examined various methods to detect cleaning events using 

1000 variations of synthetic data, including change point detection, 

total variation filtering, shift detection with the Kalman filter, and 

shifts in the rolling median per the SRR method. The approach per 

SRR was reported to have the highest mean F1 score (described in 

Section 2.2) for detecting cleanings. Furthermore, CODS included 

applying a Kalman filter to derive the soiling signal between cleanings, 

which allows for nonlinear or slowly changing soiling rates over each 

period. 

While algorithms for soiling trend extraction have improved or 

offer new methodologies, there are still several limitations in the exis-

ting body of work: (1) validations have been generally limited to syn-

thetic data; (2) field data validation has been observational, and 

methodologies have had limited comparison against each other; 

(3) synthetic data sets have not captured many of the complexities of 

field data (e.g., the field data in Figure 2 shows PI day-to-day variation 

of 20% [considered noise per soiling fitting] while Skomedal and 

Deceglie29 only included 1% to 2% in noise within synthetic data); 

and (4) each model requires tuning to handle the varying noise and 

complexity that comes with real PV time series data. In this work, we 

introduce a dataset based on inverter power from 22 PV systems, 

labeled for cleaning events based on a predefined set of criteria for 

soiling and cleaning expectations. The data set is intended to test the 

accuracy of several cleaning detection algorithms within this work; 

however, it will also be made open source (https://doi.org/10.21948/ 

1813454) so the larger research community can validate additional 

algorithms and continue to expand the data set. The paper is arranged 

as follows: (1) Introduction, (2) Methods: Labeled Data, Accuracy Met-

rics, and Algorithm Variation, (3) Results, (4) Discussion, and 

(5) Conclusions. 

F IGURE  2  A labeled data set where few 
distinct soiling trends are identifiable. This data set 
was chosen for both low soiling and increased 
noise (the range of scatter in the daily PI is 
approximately 20%, especially in rainy periods). 
Note that daily rainfall (green data) is capped at 
10 mm/day to simplify graph readability [Colour 
figure can be viewed at wileyonlinelibrary.com] 

2 | METHODS:  LABELED  DATA,  
ACCURACY  METRICS,  AND  ALGORITHM  
VARIATION  

2.1 | Labeled data 

The first focus of this work is to provide a labeled data set of normal-

ized daily PIs for multiple PV systems, where a Boolean label indicates 

if a cleaning occurs or not on each day. The data set is intended for 

testing within this work but is also made publicly available for model 

validation by the broader PV community. Data streams were selected 

from the NREL's PV Fleets project,34 where fleet owners across the 

United States share time series data for the purpose of studying 

broader fleet-level performance characteristics such as degradation 

rates and regional variation in soiling losses. The base data consists of 

15-min PV power data at the inverter level and corresponding 15-min 

irradiance data. The irradiance is identified as plane-of-array (POA) 

measurements for the corresponding inverter, but as the systems are 

not curated by NREL, there is the expectation that the systems can 

have varying planar misalignments between the inverter and the POA 

sensor. All data streams are first passed through a set of quality assur-

ance algorithms as part of the PV Fleets project.34 Existing algorithms, 

documented and available per RdTools,33 are used to generate a daily 

PI for each inverter time series per the following steps: (1) filter the 

data to remove unphysical and erroneous data, as well as conditions 

where inverter power clipping is occurring; (2) normalize each data 

point by dividing measured power by modeled power, where the 

model accounts for both irradiance and temperature variation; and 

(3) aggregate the 15-min normalized data into a single daily PI. There 

are countless PV models of varying complexity that can be applied 

when generating a daily PI. Generally, the more that is known about a 

system and included in the underlying model, the less noise there will 

be in the time series of a daily PI. While this approach is ideal, often 

the details of a system are unavailable; therefore, subsequent algo-

rithms such as soiling extraction are best designed to be robust to 

noise or error that can result from simple or incorrect models. 

PV systems were selected based on the following criteria: 

(1) More than 2 years of data were available; (2) if seasonal variation 

was present in the data ( sinusoidal behavior with a period of 

365 days), the range of variation (two times the amplitude) must be 
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less than or equal to 15%; (3) there is sufficient remaining data after 

filtering inverter clipping; and (4) there are visually detectable cleaning 

instances in the time series. The final 22 systems include a range of 

extremes in soiling and represent climates with both regular and irreg-

ular rainfall. Once the set of PV systems was selected, each time 

series was evaluated independently by three analysts against the fol-

lowing rules to identify cleaning events. Each analyst completed inde-

pendent labeling. Discrepancies between the labeled data sets were 

evaluated jointly by the analysts, and a final determination was made 

for all 22 data streams. 

The overall goal of the data set labeling, where a True Boolean 

indicates a cleaning event, is to identify upward shifts that are 

suspected system cleaning events (natural rain or manual cleaning). All 

other dates where a suspected cleaning event does not take place are 

labeled as False, including upward shifts that are inconsistent with the 

expectations for a cleaning event. 

1. Shifts must be greater than 1%. This threshold must also be true 

when considering the scatter or noise in the PI for at least a week 

before and after the potential shift. See Figure 3a for an example 

of 1% shift that is labeled as a cleaning while the 1% in 

Figure 3b is not labeled as a cleaning because the day-to-day scat-

ter outside the red vertical bars is greater than 1%. 

2. Extreme outliers are excluded when visually examining the data 

for trends. Statistically, this typically corresponds to data in excess 

of ±3 standard deviations from the mean. Prior to identifying a 

cleaning event, the data must be examined over multiple time 

intervals: (1) the entire time series, (2) 1 year, (3) 3–4 months, and 

(4) 1 month or less. 

3. No cleaning event is labeled if the previous two or more weeks of 

data are missing. 

4. If multiple upward shifts occur in sequence over several days, but 

less than a week, and the trends both before and after this week indi-

cate a multiday cleaning event, all days in the group are labeled as 

cleaning. For test purposes, this is considered one cleaning event, 

and unique cleaning events must have at least 1 week of separation. 

Additionally, a low data point between 2 days that each meet 

cleaning criteria should also be labeled as True so that the “single” 
cleaning event would be grouped together as a consecutive period. 

October of 2018 in Figure 4 provides an example a grouped cleaning 

event while Figure 5 provides a zoomed image of this event. 

5. If the analyst examining a potential shift has reasonable doubt that 

the shift is not due to cleaning, then that date is not labeled as a 

cleaning event. 

6. The analysts were instructed to be cautious (default to a False 

Boolean) when labeling days during periods of upward seasonality 

in the data set. For example, there are multiple cases where the PI 

shows significant linear recovery from January to July, and due to 

this type of trend, several days of high noisy data can look like a 

cleaning if taken out of context of the multimonth trend. 

7. The graphic time series examination includes both the PI and daily 

rainfall above 0.75 mm/day per the PRISM database.35 The ana-

lysts were instructed to only use rain as additional information in 

confirming or denying shifts in marginal cases. For example, if an 

upward shift was observed to be slightly above the day-to-day 

scatter in the PI and rain also occurred in conjunction with the 

shift, the rain was considered extra confidence that the shift was 

real and the data point was labeled as a cleaning event. 

F IGURE  3  Examples of decisions in the data labeling process: (a) 1% shift near Day 70 is labeled a cleaning because the multiple weeks 
both before and after the shift have minimal scatter and support a real performance improvement. (b) Red bars near Days 17 and 24 show a 
downward trend that could be a soiling period followed by a 1% recovery. The data before Day 17 and after Day 24 show %5 daily scatter, 
and therefore, Day 24 is not labeled as a cleaning. (c) Red bars near Days 28 and 37 show a downward trend that could be soiling period followed 
by a 5% recovery. No rain was reported near Day 37 and the entire 90-day period shows a steady soiling trend if this short period is excluded. 
Therefore, day 37 is not labeled as a cleaning. (d) The entire 90 days except for the period between the red vertical bars shows PI scatter just 
below 1. No rain was reported near Day 38; therefore, Day 38 was not labeled as a cleaning [Colour figure can be viewed at wileyonlinelibrary. 
com] 
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F IGURE  4  A labeled data set with regular soiling trends that in most cases result in 10% to 15% losses. Note that daily rainfall (green data) is 
capped at 10 mm/day to simplify graph readability [Colour figure can be viewed at wileyonlinelibrary.com] 

F IGURE  5  The PI improves from 0.77 to 
0.92 over the 4-day period beginning on 

October 13 and meets all criteria to be a cleaning 
event. Because it is not clear that cleaning occurs 
on just 1 day, all days identified per the red 
vertical bars are labeled as cleaning and are 
grouped as a single cleaning event per F1 score 
purposes [Colour figure can be viewed at 
wileyonlinelibrary.com] 

Figure 3c,d provides further examples of questionable cases 

where the analysts applied caution per Rule 6 (no cleaning). In 

Figure 3c, the PI is gradually declining from 1 to 0.92 over 90 days 

while there is a sharper decline for 1 week between the two red verti-

cal lines. While there is an upshift of 5% at the end of this week, 

there was no recorded rainfall on this date, and this particular week 

appears unique from the remaining data. In Figure 3d, the PI is 

scattered just below 1 for the 90 days with the exception of the 

11 days between the two vertical red lines. Because there is no distin-

guishable soiling rate both before and after this period, a cleaning 

event is considered unlikely compared with alternatives such as a 

change in a calibration value, a string repair, or removal of weeds or 

an obstruction causing shading; all of which can cause a sudden 

upward shift in the data which is otherwise shows flat performance 

before and after the shift. 

We emphasize that the labeling process was conducted visually 

and independently by soiling experts per the above rules; however, 

there is room for interpretation, and we have the expectation that 

future public discourse will be used to help refine the labeled dataset. 

2.2 | Accuracy metrics 

The primary focus of this work is to test accuracy of different 

algorithms or variations of algorithms at successfully detecting the 

labeled cleaning events (true positives [TPs]) while not detecting 

cleanings on additional days (false positives [FPs]) within the 

22 systems describing in Section 2.1. In this context, this is a 

classification problem, where each individual data point in a time 

series is labeled as either a cleaning event or not. Performance 

metrics associated with classification problems include the TP rate 

or recall, the precision, and the harmonic mean of precision and 

recall, or the F score. The F score has a maximum value of 1, which 

occurs when all data labels match their associated ground truth 

values, and a minimum value of 0 (i.e., all classifications are 

wrong). The equations for recall, precision, and F score are pro-

vided below: 

Recall ¼ TP=½�TP þ FN , ð1Þ 

Precision ¼ TP=½�TP þ FP , ð2Þ 

F1 ¼ TP=½�TP þ 0:5 FPð þ FNÞ , ð3Þ 

where FN is the false negative rate or labeled cleanings that are not 

detected. We will benchmark model performance using the F score, 

consistent with Skomedal and Deceglie,29 as it measures the model's 

ability to correctly identify cleaning events without falsely classifying 

additional days. While it is critical to correctly classify true cleanings 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com


�

6 MULLER ET AL. 

(TP), it is unclear if the penalty should be equally weighted for falsely 

identifying additional cleanings (FP), as the impacts of these additional 

subdivisions in the data set only become clear in the context of a full 

soiling extraction model. Considering that TPs may be more important 

than FPs, we also examine the more general F score, with γ ¼ 2 to  

more heavily weight the TP or recall rate (γ = 1 results in F1): 

� � 
1 þ γ2 TP 

Fγ ¼ : ð4Þ ð1 þ γ2ÞTP þ γ2 FN þ FP 

As noted previously, in some cases, there are multiple cleaning 

days labeled that fall in a sequence but are considered one 

cleaning event (see Figure 5). In the calculation of the F score, one 

TP would be counted if the test algorithm identified a cleaning 

event within ±1 day of the given group of days. Similarly, if the 

algorithm identified more than 1 day that aligned with a labeled 

cleaning group, this was only labeled as a single cleaning event. 

The same methodology is applied for FPs, meaning if there were 

adjacent days identified as cleaning by the test algorithm but there 

was no labeled cleaning, this results in a single FP. In other words, 

cleaning events consisting of multiple adjacent days were coded to 

only be counted as a single event, representing a TP or a FP 

depending on the scenario. 

The detection of cleaning events is being tested as an isolated 

classification problem in this work because it has only been given 

minor consideration in past works.24,27–29 While a critical end goal is 

to evaluate cleaning detection within the overall extraction of accu-

rate soiling metrics, knowledge of cleanings can also be used to better 

understand if and when dew or wind events correlate with cleanings. 

The scope was intentionally limited here so that a complete statistical 

process of cleaning detection could be considered without being 

impacted by other processes within soiling extraction, for example, 

soiling rate estimators or consideration of nonlinear soiling events. 

The intent is to present future work that references the cleaning 

detection methods and data in this work within the context of the full 

extraction of soiling metrics. 

2.3 | Algorithm variation 

2.3.1 | Baseline SRR-IQR 

The baseline algorithm examined for cleaning detection is a portion of 

the SRR algorithm as described in Deceglie et al.27 The default case of 

SRR within RdTools uses the following steps to identify cleanings: 

1. Handle missing or invalid PI data by forward filling the last valid PI 

up to a preset number of days (day_scale) into the future. 

2. Calculate the centered “day_scale” rolling median of the PI. 

3. Calculate the daily change in the rolling median (termed “deltas”). 
4. Classify cleanings as positive delta > Q3 + α(Q3–Q1), where the 

quantiles are calculated for the entire time series of “delta” and 

(Q3–Q1) is known as the IQR. 

RdTools defaults are day_scale = 13 days, and α = 1.5. We also 

examine a slight modification to the baseline SRR; rather than forward 

filling missing or invalid data up to 13 days, we remove these indices 

from the data set for step detection. For example, if July 3 and 4 have 

an invalid PI, these days are removed and the 13-day rolling median is 

calculated using the surrounding 13 days. If more than 13 days are 

missing, we set the rolling median to NAN (not a number) for all days 

in the missing interval. 

2.3.2 | Irradiance filtering 

Previous work experience by Micheli et al.,6,17 Muller et al.18 and 

Skomedal et al.28 have documented that the accuracy of calculating 

daily PI or extracting soiling losses is decreased in low irradiance 

conditions. Per this previous work, we attempted irradiance filtering 

of the 15-min time series data prior to calculating the daily PI for each 

of the 22 systems. Some of the systems had potential timestamp 

discrepancies between the power and irradiance data, and therefore, 

filtering at this level did not have the expected results. We therefore 

filtered at the daily level, removing low irradiance days by filtering out 

days where the daily sum of irradiance values was less than the 15th 

percentile of all of the associated daily irradiance sums. Figure 6 

shows one data set where the red data are removed per the described 

irradiance filter. All algorithms were tested with and without irradi-

ance filtering. 

2.3.3 | Rolling window outlier filtering 

Skomedal et al.28 suggested benefit from removing outliers from the 

PI time series by comparing the step change in the PI (both forward 

and backward) to the standard deviation of the noise, where noise 

was defined as the difference between the PI and the centered rolling 

median of the PI. In a similar but more localized approach, a rolling 

window outlier filter is tested as an alternative to the irradiance filter 

previously described. The general intent is to remove outliers in the 

daily PI time series if a data point is substantially shifted from both 

F IGURE  6  An example of removing days (red data) where the 
irradiance total was less than the 15th percentile of the daily 
irradiance totals for the entire data set [Colour figure can be viewed 
at wileyonlinelibrary.com] 
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the 7 days before and 7 days after. This is mathematically achieved by 

(1) calculating both the backward and forward 7-day rolling median 

(with a minimum window size of 5 days data); (2) calculating the per-

cent difference between the current data point and the 7-day forward 

rolling median and 7-day backward rolling median, respectively; and 

(3) removing the data point if it is not within 3% of the backward or 

forward rolling median. An example of the rolling window filter is 

given in Figure 7 for the same data set that was used as an example 

for the irradiance filter in Figure 6. Similar to the irradiance filter, all 

algorithms are tested both with and without applying the PI rolling 

window filter prior to cleaning detection. 

2.3.4 | Median absolute deviation (SSR-MAD) 
algorithm variation 

PI time series data often showing varying noise levels and daily soiling 

rates from year to year, winter to summer, or overcast to sunny days. 

For this reason, an alternate cleaning detection threshold is consid-

ered that is based on localized variation in the PI time series. Missing 

data and the calculation of both the rolling median and the deltas are 

calculated as described in Section 2.3.1. Alternatively, in order to 

determine the threshold where a positive delta is determined to be a 

cleaning, the following approach is taken: (1) The absolute value of 

the day-to-day deviation in the PI is calculated (absolute value of the 

deltas), (2) the 40-day centered rolling median is calculated for the 

these absolute deviations (median absolute deviation or SRR-MAD), 

and (3) a data period is classified as a cleaning event when del-

tas > β MAD, where β is a preset multiplier that allows tuning of the 

cleaning detection. 

2.3.5 | Change point detection algorithm 

The Python Ruptures library, which provides multiple off-line change 

point detection algorithms,36 was directly applied to the rolling median 

of the PI. Specifically, window segmentation was used, which applies 

two adjacent sliding windows along the data set and looks for a 

F IGURE  7  An example of removing days (red data) where the 
daily PI is not within 3% of the either the 7-day forward or the 7-day 
backward rolling median of PI [Colour figure can be viewed at 
wileyonlinelibrary.com] 

discrepancy between the windows based on the model applied and the 

associated cost function. Specifically, the radial basis function (RBF) 

was used as the model for sliding window segmentation. Within this 

framework, a penalty value can be set, where the penalty impacts the 

threshold required for a change point to be identified. When tuning 

algorithm parameters, both the window width (number of days in the 

sliding window) and the penalty were varied to optimize the F1 score 

on the 22 PV systems while the default of “None” was applied for both 

“Epsilon” and the prescribed number of break points. Ruptures does 

not provide a direct way to only consider positive change points 

(cleanings), and therefore, the library was applied as described and 

negative change points were rejected in a postprocessing step. 

2.3.6 | Algorithm parameter variation 

To determine the algorithm with the best performance at detecting 

cleaning periods, as labeled in the data set, multiple parameters were 

varied, and the overall F1 score was compared for each parameter 

combination. Varied parameters included: 

� day_scale or the number days for the rolling median of PI; 

� α, the IQR multiplier in the SRR shift threshold; 

� β, the multiplier in the MAD shift threshold; and 

� the window width and penalty value when using Ruptures-

Window algorithm with the “RBF” model. 

The complete list of algorithm variation and parameter testing is 

provided in Table 1. It should be made clear that all combinations of 

applied parameter and filter variations as given in Table 1 were tested. 

For example, the SSR-MAD cleaning detection algorithm was tested 

with each filter option (irradiance, rolling window, and no filter), and 

within each of these filter options, all combinations of day_scale and β 

were tested. 

3 | RESULTS  

3.1 | SRR baseline results and handling missing or 
filtered data 

The SRR algorithm per RdTools33 defaults to α = 1.5 and 

day_scale = 13. Running this baseline case results in a mean F1 of 

0.345 for the 22 labeled data sets. Closer examination of the these 

results show that 100% of the labeled cleanings are identified for 

15 of the systems, and on average, 95% of the labeled cleanings are 

identified when all 22 systems are considered. The low mean F1 score 

of 0.345 is due to a high number of FPs or predicted cleanings that 

did not actually occur. Figure 8 shows the results of applying the 

baseline SRR to one system; all labeled cleanings were detected 

except one in late 2017 (missed by 3 days) while F1 = 0.47 due to the 

high number of FPs in periods where there is particularly high scatter 

in the PI data. 
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TABLE  1  Algorithm and parameter variation 

Cleaning detection algorithm 

Parameter variation or filtering SRR-IQR threshold SRR-MAD threshold Ruptures-Window-RBF 

Irradiance filter (on/off) Yes Yes Yes 

Rolling window filter (on/off) Yes Yes Yes 

day_scale (7–17 odd days) Yes Yes Yes 

α (0.5–9 in 0.5 increments) Yes NA NA 

β (1.5–2.75 in 0.25 increments) NA Yes NA 

Penalty (1–10 in 1 increments) NA NA Yes 

Window width (2–5 weeks) NA NA Yes 

F IGURE  8  The results of detecting labeled 
cleaning events per the baseline SRR algorithm for 
one of the 22 systems. Solid green lines are 
successfully detected cleanings, the dashed red 
line is a missed cleaning, and in light orange are 
implied cleanings that are not included in the 
labeled set [Colour figure can be viewed at 
wileyonlinelibrary.com] 

TABLE  2  Optimized parameters and F1 scores for each of the algorithm variations 

Algorithm variation 

SRR-IQR SRR-MAD Ruptures-Window 

Filter type 

None 

Rolling window 

Irradiance 

Parameters 

DS = 17, α = 7.5 

DS = 13, α = 7.0 

DS = 13, α = 7.0 

F1 

0.63 

0.75 

0.76 

parameters 

DS = 13, β = 1.5 

DS = 13, β = 1.75 

DS = 13, β = 1.75 

F1 

0.72 

0.77 

0.79 

parameters 

DS = 9, width = 4, penalty = 2 

DS = 13, width = 2, penalty = 1 

DS = 9, width = 5, penalty = 2 

F1 

0.55 

0.56 

0.50 

Abbreviation: DS, day_scale. 

As mentioned in Section 2.3.1, the SRR algorithm handles miss-

ing data by forward filling the last valid PI up to day_scale days 

before calculating the rolling median. The baseline case was run with 

the alternate option of removing indexes up to 13 days when PI data 

were missing (as described in Section 2.3.1). The resulting F1 for this 

scenario was 0.355. The two filter methods logically result in more 

data being removed or missing. For this reason, all 378 combinations 

that are described in Table 1 for both the SRR-IQR and SRR-MAD 

were run with the baseline forward fill logic, instead of removing 

gaps in the data up to 13 days. The mean F1 value for 378 combina-

tions increased by 0.12 for gap removal as compared with forward 

filling the last valid PI. For this reason, all further results presented 

apply gap removal, and no data are forward filled. In the event that 

more than 13 subsequent days are missing, no cleaning or shift 

detection is allowed immediately following the missing data, consis-

tent with the rules followed when labeling cleanings for the 

22 systems. 

3.2 | Optimized F1 results for all variations 

Table 2 provides the optimized parameters and the resulting mean F1 

score for the 22 PV labeled data sets for each of the algorithms 

described. We do not present the complete set of F1 scores (roughly 

1000 combinations considered) because there is little value in com-

paring each and every combination. 

In reviewing the complete set of mean F1 scores, the following 

generalized results were found: 
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1. The mean F1 score for SRR-IQR improved from 0.36 

(day_scale = 13 and α = 1.5) to 0.63 (day_scale = 17 and α = 7.5). 

If day_scale was retained at the default of 13 and α was tuned to 

6.5, the score improved to 0.59. 

2. A day_scale of 13 achieved the optimized results for five of six var-

iations of SRR, only SRR-IQR with no filtering had an increased 

day_scale of 17. 

3. Filtering improved the SSR results for both the IQR or MAD 

thresholds. 

4. Ruptures' sliding window change point detection significantly 

underperformed compared with all versions of SRR, and no clear 

set of parameter choices emerged from all combinations tested. In 

other words, a wide range of values for day_scale, width, and pen-

alty was found to achieve F1 scores in the 0.5–0.55 range. 

5. If day_scale was fixed at 13, the irradiance filter was applied to 

SRR-IQR, and the best α was chosen for each of the 22 systems, 

the mean F1 = 0.82 (compared with 0.76 for α fixed at 7.0). 

6. If day_scale was fixed at 13, the irradiance filter was applied to 

SRR-MAD, and the best β was chosen for each of the 22 systems. 

The resulting mean F1 was 0.82 (compared with 0.79 for β fixed at 

1.75). 

7. The range and median F1 results for the best two algorithms per 

Table 2 are as follows: SRR-MAD-Irradiance range = (0.57–1), 

median = 0.77, SRR-IQR-Irradiance range = (0.44–0.94), 

median = 0.76. 

8. The generalized F score as described in Section 2.2 (Fγ with γ = 2) 

was calculated for all combinations of SRR, as given in Table 1. The 

optimized Fγ occurs at reduced multipliers of IQR and MAD, as 

well as a day_scale value of 9 or 11 days. Considering that FPs are 

weighted less than TPs, these results are statistically consistent. 

Figure 9 provides the results for the best performing algorithm, 

SRR-MAD-Irradiance, for the same system shown in Figure 8. In this 

case F1 = 0.94, with no FPs and only one missed labeled cleaning. 

4 | DISCUSSION  

Significant improvement over baseline was achieved at detecting 

cleanings in 22 labeled data sets, where a 43% absolute improvement 

was achieved in the mean F1 score (0.36 to 0.79) when going from 

the default SRR approach in RdTools to the optimized SRR-MAD with 

irradiance filtering. Similarly, a 40% absolute improvement was 

achieved in the mean F1 score (0.36 to 0.76) when the irradiance filter 

was applied to a tuned version of SRR. Filtering the PI data (irradiance 

or rolling window) before step detection (MAD or IQR thresholds) also 

resulted in consistently improved F1 scores. This agrees with 

Skomedal et al.28 and previous experience of the authors. While the 

rolling median approach was designed into SRR because it is robust 

against outliers, multiple outliers can occur in the rolling period and 

still can impact shift detection. Filtering therefore can be coupled with 

the rolling median to increase the ability to reject outliers. Table 2 

shows that the irradiance filter outperforms the rolling window filter, 

but only by 1% to 2% absolute, depending on the model implemented. 

High-quality irradiance data are not always available; consequently, 

applying the rolling window filter is useful when irradiance data are 

not available. 

The data in Table 2 also demonstrate that the SRR-MAD outper-

forms the SRR-IQR for each filter category. This is likely due to the 

40-day rolling aspect of the SRR-MAD threshold, as compared with 

SRR-IQR being calculated for the entire time series. As discussed in 

Section 2.3.4, the noise in the PI can vary across the time series, and 

the SRR-MAD cleaning detection threshold is adjusted according to 

the local 40-day noise while the threshold is fixed for the entire data 

set per the current SRR-IQR approach. It can also be said that varying 

the shift threshold as is done with SRR-MAD (this could also be 

adopted with SRR-IQR) results in a model that is less dependent on 

tuning. This is demonstrated in that tuning β in SRR-MAD for each of 

the 22 PV systems resulted in only a 3% absolute improvement in the 

mean F1 score beyond the best result in Table 2 while tuning α in 

SSR-IQR resulted in a 6% absolute increase in mean F1 beyond the 

maximum value in Table 2. 

The one change point detection algorithm that was tested, the 

Ruptures package's window segmentation algorithm with the “RBF” 
model, performed poorly at detecting labeled cleanings as compared 

with SRR-IQR and SRR-MAD. Furthermore, of the hundreds of varia-

tions tested for the change point algorithm, no patterns in parameter 

tuning, number of days for the rolling median, or filtering options 

stood out when detecting cleanings. There are various other change 

point algorithms that may have potential, but the results here are not 

F IGURE  9  The same system as shown in 
Figure 8 but the shift detection results are for the 
SRR-MAD-Irradiance instead of the baseline SRR 
approach [Colour figure can be viewed at 
wileyonlinelibrary.com] 
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promising. The poor results could be due to that change point algo-

rithms have been historically designed to detect any statistically sig-

nificant change in the data set per a given cost function. PV data sets 

often have various embedded shifts while cleaning events are one 

specific subset of these shifts. Existing change point algorithms were 

not written to handle only a subset of significant shifts, and therefore, 

the results found in this work are not surprising. 

Significant improvement has been demonstrated in the detection 

of cleanings within labeled PV data sets, but these results should also 

be considered within the context of complete soiling extraction algo-

rithms. Recall that 95% of the labeled cleanings for all 22 data sets 

were identified by the default version of SRR within RdTools. At the 

same time, the F1 score was only 0.36 due to a high number of FPs 

(extra cleanings identified that were not labeled as such). This result 

leads to the following questions: 

1. Were these FPs actually minor cleanings that were not identified 

due to the labeling rubric, or due to lack of knowledge of the true 

soiling signal? 

2. What is the consequence of these FPs on soiling rate and soiling 

loss extraction? 

The first question cannot be answered within the context of the 

current data, but synthetic data sets or future data sets accompanied 

with soiling stations may provide answers. The second question can 

be explored within the context of complete soiling extraction algo-

rithms; this will be the next step beyond this work. For example, SRR 

uses identified cleanings to subdivide the data set into fitting periods 

for soiling rates; therefore, additional FPs imply shorter soiling inter-

vals. Shorter intervals could lead to improved soiling rate fits, but at 

the same time, this has potential to bias overall soiling losses to lower 

values. 

5 | CONCLUSION  

Cleaning events were manually labeled for inverter time series data 

from 22 PV systems per a fully documented process. The data sets 

were carefully selected to include varying degrees of soiling, cleaning 

events, and noise. The RdTools-SRR algorithm served as a baseline for 

detecting the prelabeled cleanings while several methods were exam-

ined to improve cleaning detection, including (1) optimization of SRR 

user parameters (SRR-IQR), (2) an alternate statistical method for dis-

tinguishing cleaning events (SRR_MAD), (3) the application of the 

Ruptures-Window change point detection to determine cleaning 

events, and (4) the application of noise and irradiance filters on the 

time series data in conjunction with the above methods. The baseline 

RdTools-SRR resulted in a mean F1 score of 36% while the F1 score 

improved to 55%, 63%, and 72% for Ruptures-Window, SRR-IQR, and 

SRR-MAD, respectively. Furthermore, applying irradiance or noise fil-

tering continued to significantly improve both the SRR-IQR and SRR-

MAD approaches. SRR-MAD in combination with irradiance filtering 

achieved the most accurate detection of the cleaning events within 

the 22 data sets, with a mean F1 score of 79% and a 43% improve-

ment over the baseline RdTools-SRR algorithm. While these results 

demonstrate that cleanings can be more accurately detected, future 

work must consider the impact of cleaning detection methodology 

within complete algorithms for extracting critical soiling rate and 

soiling loss metrics. 
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