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Abstract

The soiling of PV modules has been estimated to yield global losses in the solar energy production by 4 to 7%, even considering the cleaning efforts in many solar energy systems. Despite this, soiling measurements are not always available, making models particularly valuable for estimating these losses. However, soiling models currently present two limitations: most of them assume that daily rain accumulations higher than a threshold value can totally clean PV modules and, additionally, that rain will have the same washing effect on all types of soiling, independently of their higher or lower adherent properties. In this work, the HSU model (Coello and Boyle, 2019) is modified to include the two aforementioned effects. The original and modified HSU models are then calibrated for two locations in Africa where observations of long-term soiling losses were available. At the first considered location, the predominant soiling type was mainly washable by rain but showed the partial cleaning effects, while at the second location, despite the frequent and abundant rainfall, the build-up of persistent soiling was observed. The calibrated parameters for the original and modified HSU models were then applied to reanalysis meteorological 2-dimensional input data to estimate the associated soiling losses in Europe for a 20-yr operation without any artificial cleaning. The application of model parameters derived for the African sites for Europe is considered to be valid for the demonstration of the method and delivers exemplary results that might also occur for soiling types found at some European sites. The derived different soiling maps should, however, not be understood as the most likely possible values for European soiling. When considering the exemplary removable soiling type, the original HSU model underestimates on average the European soiling losses by a factor of 4 compared to the estimations of the modified HSU model. When considering the exemplary persistent soiling type, the European soiling losses estimated with the modified HSU model are on average 5.5 times larger than those estimated with the original HSU model. Additionally, the European soiling losses estimated with the modified HSU model considering a persistent soiling type are 2.4 times larger than those considering a removable soiling type, which highlights not only the importance of properly modeling the soiling losses but also of choosing the correct soiling type. The results show that, at least for some soiling types, mechanical cleaning of the PV modules is necessary to avoid high soiling losses even in rainy regions such as Central Europe.
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1 Introduction
Soiling is defined as the accumulation of pollutants on top of photovoltaic (PV) panels. Global losses in energy production have been reported to reach 4 to 7%, even with regular cleaning efforts at many solar energy systems [1]. The losses of individual PV installations can deviate from the stated interval, depending, among other influences, on the specific location, local soiling sources, the PV technology, and the cleaning schedule. At locations with high levels of precipitation, the natural cleaning effect by rain might keep the PV modules sufficiently clean [2], and the frequency of manual or automated cleaning might be reduced. Correctly identifying the correct schedule for the manual or automated cleaning can result in a significant economic saving [3–6]. In order to correctly characterize the degree of cleaning achieved by the rain at one specific location and hence identify the most appropriate manual cleaning frequency, the analysis of long-term trends of soiling losses is necessary [7].
Observations of long-term trends of soiling losses are scarce, and only a comparably small fraction of soiling studies investigates soiling data sets longer than a year without frequent cleaning [8,9]. Hence, soiling models play an important role in this regard. However, previous works have already highlighted several limitations in the state-of-the-art soiling models. Physical models estimate the soiling loss corresponding to the mass deposited on a PV panel under certain meteorological conditions taking into consideration the PV modules' tilt angle. They assume a total cleaning of the PV panels by rain (i.e., a soiling loss of 0% after the rain) after a day with a rain sum higher than a given threshold [10,11]. Based on experimental data, Hanrieder et al. [12] pointed out the inaccuracy of this assumption: partial cleaning by rain occurs often, and low daily rain sums can also clean the PV modules up to a certain degree. Valerino et al. [13] used the hourly rainsum and reported that rainfall <5 mm/h does not fully clean modules. Norde Santos et al. [14] suggested a natural cleaning model, in which the effectiveness of natural partial cleaning of PV modules depends on the parameters related to soiling and the rain episode itself. The simple threshold-based approach was also enhanced in [15] by assuming that 80% of the soiling particles are washed away for rain events with >10 mm rain sum and 30% for <5 mm. Li et al. [16] assumed that for <1 mm/h rain does not clean, but >5 mm/h reaches full cleaning, and introduced thresholds for which specific soiling particles are fully or partly removed (1 to 3 mm/h: sulfate fully cleaned, half of the organic carbon removed; 3 to 5 mm/h: sulfate fully cleaned, half of all other particles are removed).
Even after these model enhancements, nearly all currently available soiling models do not consider soiling species that firmly adhere to the PV module and cannot be removed by rain. This is an important shortcoming, as all of the above models predict close to zero soiling after several strong rain events. Hence, they cannot describe the long-term build-up of soiling layers. This kind of soiling appears at locations close to railroads, roads, or specific factories or affected by high concentrations of pollen and produces soiling losses of significant value even when frequent and abundant precipitation occurs. This type of soiling was reported in [9,17,18] and supports the inclusion of persistent soiling in model approaches. Assuming a continuous source of this kind of soiling, the associated PV soiling loss found after strong rain events is expected to steadily increase over time, unless the PV modules are manually cleaned. An important step forward in this regard was presented in [19], where PM2.5 (particulate matter with a diameter <2.5 µm) was assumed to contribute to non-removable soiling while the PM2.5–10 particles, with diameters between 2.5 and 10 µm, were assumed to be removable by rain. However, using only the diameter of the particles to describe if rain is able to remove them from the PV panel is still a rough assumption. Another model that used a fixed remaining soiling level that cannot be removed by rain was presented in [20]. There, improved versions of the HSU and Kimber models were introduced, including partial and incomplete rainfall cleaning that significantly improved model accuracy. However, their model with non-removable soiling used one fixed value of the soiling loss after strong rain cleaning for the whole time series, which cannot describe a continuous build-up of a soiling layer during several years of PV operation without cleaning.
Models also have the capabilities of estimating soiling losses at remote locations where no observations are available. This capability can be used to estimate the 2-dimensional (2D) distribution of soiling losses, thus generating soiling maps. This provides a valuable resource to stakeholders during the decision-making processes related to yield assessment, maintenance planning, resource optimization, and environmental impact assessment. For example, Fernández Solas et al. [17] presented a first estimation of the soiling losses at the European level, considering yearly cleaning in a state-of-the-art soiling model and a model describing partial cleaning by rain, which was described by a constant degree of partial cleaning, and did not consider the presence of persistent soiling highly adhered to the PV modules. Soiling maps for other regions such as the US have also been published, and uncertainties related to the input data and the modeling approach have been discussed [21].
In this work, a state-of-the-art soiling model is modified to incorporate the most recent findings: The widely used HSU soiling model [22] is enhanced to incorporate a partial cleaning effect by rain dependent on the rainsum and the possible presence of persistent soiling accumulating on the PV module. The modified and original model versions are calibrated with a novel set of soiling data in order to then produce maps of long-term trends of soiling losses in Europe. Each map represents the soiling losses for a specific exemplary soiling type with a given rain cleaning effect. The derived different soiling maps are examples of soiling types that might be found at some European sites. The maps hence demonstrate the method and illustrate the range of soiling losses that have to be expected for different soiling types. The maps should, however, not be understood as the most likely possible values for European soiling. The results produced by both models are compared to each other and to results from the literature, and their uncertainty is discussed.
The paper is organized as follows: Section 2 introduces the observations used in this study and presents the original and modified versions of the soiling model. In Section 3, the model is calibrated to the soiling type observed at two specific locations. Thereafter, average maps of 20-yr trends of soiling losses in Europe are presented, estimated with both model versions for the two considered soiling types. Section 4 elaborates on the main findings and conclusions.
2 Data and methods
This section describes the data used in this study and the methodology applied to it. Section 2.1 describes the ground-based observations collected at the East African Power Pool (EAPP) stations and the procedure to obtain daily soiling losses. Section 2.2 describes the two soiling models employed in this analysis: the original HSU model presented by [22] and a novel approach hereon referred to as HSU modified.
2.1 Observations from EAPP Stations
The World Bank launched a multi-location renewable-energy measurement project with financial support in the Energy Sector Management Assistance Program (ESMAP) to assist the East African Power Pool (EAPP) in conducting detailed renewable-energy resource assessments. The project concentrated on sites considered for large-scale solar power plant development in the near future and conducted a field campaign, implemented by GeoSUN Africa, where nine measurement stations were distributed across Kenya, Tanzania, and Uganda (Fig. 1). The campaign reports for each station are available at [23].
Each station was equipped with instrumentation to record several meteorological variables. In addition, each station consisted of three reference cells with a tilt angle of 10°, facing north at stations located in the southern hemisphere and facing south otherwise. They recorded the short-circuit current with a minute resolution between 15 December 2019 and 31 December 2021. One of the reference cells was cleaned daily, and its observations are considered the “clean reference”; the second one was cleaned with a monthly frequency, and the third one was left uncleaned during the complete campaign period. In this study, the measurements from both the pluviometer, for daily rain sums, and the PV reference cells, for soiling losses, are also considered.
The observations of the daily-cleaned reference cell and the uncleaned one were considered to evaluate the natural variability of the soiling losses (i.e., no manual cleaning is applied, and the only considered cleanings are those due to the rain effect) over the course of the campaign (2020–2021). Soiling ratios (SR) with 1 min resolution were calculated as:
[image: Mathematical equation](1)
with Isoiled and Iclean being the short-circuit currents of the clean and soiled reference cell, respectively. The currents were calibrated relative to each other to yield a soiling ratio equal to 1 if both cells are clean. A temperature correction was also applied. The minutely resolved soiling ratios were transformed to daily soiling ratios following the methodology described by [24]. In a first step, the one-minute soiling ratios were filtered to eliminate outliers, and datapoints outside a reasonable range of 0.7 to 1.1 were discarded [24]. Values outside this range probably indicate sensor malfunction or the presence of strong localized soiling, such as bird droppings or tree leaves. Once the outliers are discarded, the daily data spread is assessed, and only measurements comprised between the daily 5th and 95th percentage are considered acceptable. Finally, a flattening adjustment compensates for systematic errors associated to the different orientation of the two sensors:
[image: Mathematical equation](2)
where [image: Mathematical equation]
 corresponds to the flattened SR; [image: Mathematical equation]
 corresponds to the observed SR; f(AZM) is a linear fit of 
[image: Mathematical equation]
 with respect to solar azimuth angle over the course of the considered day; and f(180°) is the function's value at solar noon. To calculate the daily SR, only data within a time interval of 2 h around the solar noon is considered. The daily soiling loss in percent is given by
[image: Mathematical equation](3)
For a given day, the accumulated rain sum is calculated as the cumulative rainfall occurring between 2 h after the solar noon of the previous day and 2 h after the solar noon of the current day. This corresponds to the time period affecting the observed soiling losses and ensures that the cleaning effect of the rain is accurately reflected in the SL measurements.
For this study, the soiling losses observed at the stations of Shinyanga (Tanzania) and Homa Bay (Kenya) are considered. The location of both stations is highlighted in green in Figure 1a. The measured soiling losses of the reference cell that was never cleaned are shown, along with the observed daily rain sums in Figure 2a for Shinyanga and in Figure 2b for Homa Bay. The climate at both stations is clearly different. Homa Bay is a tropical wet hot summer Köppen–Geiger climate [25], and Shinyanga is a tropical wet and hot semi-arid [26]. While both stations present large daily rain sums, in Shinyanga, they are distributed among the rainy season between mid-October and mid-April and the dry season during the rest of the year. Daily rain sums during the rainy season often surpass 20 mm day‒1 and can reach up to 80 mm day−1. In contrast, Homa Bay is affected by precipitation evenly distributed throughout the year and does not show different rainy and dry seasons. The daily rain sums are typically above 10 mm day−1 and can reach up to 50 mm day−1. This situation impacts the pattern of soiling losses observed at each station: during the dry season, Shinyanga's soiling losses steadily increase over time until the beginning of the rainy season, where the soiling losses decrease due to the cleaning effect of the rain. However, despite the large daily rain sums recorded during the rainy season, the reference cell was never fully cleaned. This could be due to an incomplete cleaning effect of rain but also due to a small fraction of persistent, highly adherent soiling. At Homa Bay, despite the continuous rainfall during the whole campaign period, the soiling losses kept steadily increasing over time. This indicates the presence of a significant amount of material firmly adhered to the reference cell, building up in a continuous process over the course of the campaign, which the rain failed to remove. Another possible explanation would be that nearly all rain events consisted of so-called red rain events, with a considerable concentration of solid particles dissolved within the rain droplets. However, since rain-red events have typical durations of a few days [27,28], this option is expected to be less likely, and we settled on describing the case as persistent soiling. In any case, partial cleaning occurring during red rain events can also be described by the modified HSU model, as long as the particles in the red rain do not take the soiling loss to higher levels than those corresponding to the atmospheric pollution.
Although both stations presented indications of partial cleaning by rain, as well as the presence of a certain amount of persistent soiling, the latter seems to affect less the losses recorded at Shinyanga compared to those at Homa Bay. For this reason, Shinyanga's soiling will be hereafter referred to as the removable soiling type, and Homa Bay's will be referred to as the persistent soiling type. It should be mentioned that the soiling type might be of a specifically local character not fully defined by the climate of the site but maybe even primarily by potential local soiling sources such as plants (pollen) or industrial or agricultural emissions. The station reports for the corrosion tests at the two stations also provide some insight related to the deposited particles. In Shinyanga, mainly phosphate-based depositions were found with specific contaminants, including water-soluble salts (7-14 mg m−2) [26]. Chlorides were not detected, and the pH was 5.3–6.6. In Homa Bay, mainly aluminum-, phosphate-, and chloride-based depositions were found with specific contaminants, including water-soluble salts (14 mg m−2 and chlorides <25 ppm pH), while the pH was 5.9 [25]. These results show that the soiling types are also different in terms of their chemical composition.
	[image: Thumbnail: Fig. 1 Refer to the following caption and surrounding text.]	Fig. 1 Locations of the EAPP stations in Kenya, Uganda, and Tanzania, with the stations used in this study (Shinyanga and Homa Bay) highlighted in green (a). Measurement station at Homa Bay (b) and zoom into the three reference cells used to estimate soiling losses (c). Image sources: (a) Google Earth; (b) and (c) Homa Bay station information report by GeoSUN [23].



	[image: Thumbnail: Fig. 2 Refer to the following caption and surrounding text.]	Fig. 2 Daily soiling losses (blue solid lines) and rainsum (red dashed lines) observed in Shinyanga (a) and Homa Bay (b).



2.2 Soiling models
2.2.1 Original HSU model
The original HSU soiling model was developed by Coello and Boyle in order to simulate soiling losses in a simple and accurate way [22]. At each time step, the model considered the particle dry deposition from the atmosphere on the PV module and uses it to estimate the total accumulated particulate mass. Following a similar approach as [17], in this work we assume that the mass deposited on the PV module depends solely on the ambient concentration of particulate matter of diameter below 10 µm (PM10), and a constant value of the deposition velocity vd. On day i, the resulting accumulated mass on the PV module (mi, in g m−2) is calculated by
[image: Mathematical equation](4)
where i0 refers to the day after the PV module was cleaned by rain or other means for the last time before day i, θ indicates the module's tilt angle, t is the time step between two PM10 data points in seconds, and CT is the considered cleaning threshold. In this work, θ is constant, but the model also allows for considering varying tilt angles. As previously mentioned, the original HSU model considered that, when the daily rain sum surpasses the chosen cleaning threshold, the rain washes away all the mass accumulated up to that day.
Once the time series of total deposited mass over the PV module has been calculated, the corresponding time series of soiling losses is estimated by
[image: Mathematical equation](5)
where erf indicates the error function.
Both the values of vd and CT need to be optimized to the specific considered location. Values of vd used in the literature range between 0.09 and 0.9 cm s−1 [17,22], and the CT between 1 and 20 mm day−1 [1].
2.2.2 Modified HSU model
The proposed modified HSU model incorporates two novel features into the original HSU model: on one hand, the cleaning effect by precipitation is considered to be a function of the daily rain sum, with which cleaning due to small daily rain sums is also considered, and incomplete cleaning is allowed to happen. On the other hand, a small fraction of the daily deposited mass is considered to permanently adhere to the PV module unless the module is manually cleaned.
The cleaning effect by precipitation is described by the completeness of natural cleaning (CNC). Similar to the approach of [29], the CNC is used to describe the rain's impact on the mass accumulated on the PV module as a logarithmic function of the daily rain sum in mm:
[image: Mathematical equation](6)
where a and b are the parameters of the logarithmic fit. If the function surpasses a CNC of 0.97, the result is replaced by this value. The logarithmic approach was selected based on statistical superiority as presented in [29] and [14], where alternative functions such as multilinear fits and a random forest approach were also tested.
On a given day, the fraction χ of the mass depositing on the PV module is assumed to permanently adhere. We assume that χ stays constant over the considered period, the total amount of persistent soiling accumulated on a day i (ωi) is given by
[image: Mathematical equation](7)
The assumption that χ does not change with time is a simplification that excludes several physical effects, such as a seasonal variation of the soiling type and aging of the soiling layer. We select this approach to keep the number of model parameters that have to be calibrated as small as possible.
Taking into consideration both effects described in equations (6) and (8), the daily mass accumulated on the PV panel mi is computed as:
[image: Mathematical equation](8)
where, similarly to the HSU original case, i0 indicates the day when the last manual cleaning of the PV module was performed, θ indicates the module's tilt angle, t is the considered time step in seconds, and vd is the considered deposition velocity. In order to apply the modified HSU model to a specific location, the parameters a, b, χ, and v_d need to be calibrated for the local conditions (environmental and collector type).
As for the original HSU model, after calculating the daily accumulated mass time series, it is transformed into the corresponding soiling losses following Equation (5).
Although we focus on incomplete cleaning and persistent soiling, we opted for the model formulation without PM2.5. This brings along a limitation, as the finer particles seem to be linked more than coarser particles to rain-resistant soiling [19]. However, it also brings along advantages such as simplicity, a broader application range for data sets without PM2.5, and less model parameters that have to be calibrated. The latter might increase the robustness of the model and avoid overfitting.
2.3 Reanalysis meteorological input
In order to estimate soiling losses, both the original and the modified HSU models need as input data the atmospheric PM10 concentration as well as the daily rain sum. In this work, we employ the Copernicus Atmosphere Monitoring Service (CAMS) global reanalysis EAC4 [30] for daily PM10 concentration and the Copernicus Climate Change Service global reanalysis ERA5 [31] for precipitation. EAC4 and ERA5 are, respectively, the fourth and fifth generations of the European Centre for Medium-Range Weather Forecasts (ECMWF) global reanalysis. Following a principle known as data assimilation, reanalysis data combine a physical-chemical model of the atmosphere with observations from across the world to provide a globally complete and consistent dataset of meteorological variables. Both reanalysis datasets consist of a global grid of 0.25° of resolution in latitude. While ERA5 has the same resolution in longitude (0.25°), the EAC4 grid is coarser and has 0.75° in longitude. In this manuscript, reanalysis data employed to estimate soiling losses corresponding to a specific EAPP station was spatially bilinearly interpolated to the site of interest. Soiling maps were estimated for the coincident PM10 and precipitation data corresponding to the EAC4 grid.
3 Results
3.1 Soiling model calibration
The capabilities of both considered soiling models (HSU original and HSU modified) to reproduce the soiling losses observed at Shinyanga and Homa Bay were tested, for which interpolated EAC4 PM10 concentrations and ERA5 daily rain sums corresponding to the campaign period were used as input data. Then, the parameters that each model relies upon were calibrated to best fit the observations. The calibration was calculated for the period comprehended between the beginning of the campaign (mid-December 2019) and 31st December 2020. This period is called the calibration period hereafter. Calibrating the models using as input ERA5 daily rain sums instead of using the observed precipitation allows to correct a part of the inherent errors present in the reanalysis data for the site of interest. The parameters yielding the best calibration for the specific location characterize the predominant soiling type occurring at the considered site.
The original HSU model was calibrated in order to obtain the values of v_d and CT, yielding simulated soiling losses that minimize the mean root mean square error (RMSE) compared to the observations. The RMSE is defined as
[image: Mathematical equation](9)
where SLsim,i and SLobs,i indicate the soiling loss simulated and observed, respectively, at each time step, and n indicates the total number of observations.
Two further error metrics are calculated for the modeled soiling losses using the calibrated parameters to further evaluate the calibration results and, later, also for a validation. The bias of the simulated soiling losses is defined as follows:
[image: Mathematical equation](10)
The mean absolute error (MAE) is defined as
[image: Mathematical equation](11)
While RMSE rather penalizes large deviations between observations and simulations, MAE shows the average of the absolute differences between observations and simulations, treating all deviations equally. The bias is the average of the signed differences between simulations and observations and assesses whether there is a consistent direction in the deviation: a positive bias indicates overestimation by the simulations, a negative one, otherwise, and a zero bias does not mean a lack of deviation.
Due to the different pattern in the time series of soiling losses observed at Shinyanga and at Homa Bay, the calibration of the modified HSU model follows a different procedure at each station:
For the Shinyanga case, where the soiling losses steadily increase during the dry season and the precipitation is able to remove most of the soiling at the beginning of the rainy season (Fig. 2a), the presence of persistent soiling is unclear. For this reason, we analyzed the minimum soiling losses occurring in the beginning of the rainy season, during the period between 15 November 2020 and 31 December 2020. It was found that the soiling losses never completely reset to 0 but remained at a minimum of 0.13% despite the observed high levels of daily precipitation, pointing toward the existence of a small quantity of non-removable persistent soiling. Assuming this soiling loss was caused only by persistent soiling (i.e., ω, as in Eq. (7)), Equation (5) applied with m = ω revealed a value of ω = 9.6 × 10–3 µg m–2 persistently accumulated on top of the PV panel. We also assumed that such an amount of persistent mass would have already been accumulated by the end of the dry period and, hence, would be a fraction of the total mass accumulated (m) by the end of September 2020. The corresponding soiling loss by this date is 11.1%, which, based on Equation (5), indicates a corresponding value of ω = 1.92 × 106 µg m–2. This allows estimating in a first calibration step the expected value for the χ parameter as 0.5%, corresponding to the ratio between the minimum ω estimated for the beginning of the rainy season and the total m estimated for the end of the dry season. This small percentage of daily accumulated persistent soiling χ indicates a type of soiling for this location, which is mostly washable by rain.
Following the determination of χ, vd is subsequently calibrated based on the accumulation of persistent soiling alone. To do so, a time interval of at least two weeks within the calibration period where at least a rain sum of 1 mm day−1 occurred every day is selected. In this case, the entire month of December 2020 was chosen. During this period all non-permanently adhered dirt is supposed to be washed away by rain, and only the persistent soiling is assumed to remain on top of the PV module. The time series of daily accumulated persistent mass is calculated based on Equation (7), and its corresponding soiling losses are derived with Equation (5) adjusted as follows:
[image: Mathematical equation](12)
The parameters χ is set to the previously derived value of 0.5%, and vd is calibrated to minimize the RMSE between the soiling losses simulated with Equation (12) and the observed soiling losses at Shinyanga during the selected rainy period.
Finally, using the values for χ and vd previously estimated, the parameters a and b are calibrated to minimize the RMSE associated to the soiling losses modelled for the entire calibration period.
In case of the Homa Bay station, where a continuous build-up of the soiling losses is observed, indicating a significant amount of persistent soiling continuously accumulating, the step-wise calibration performed for Shinyanga is not necessary. In this case, the four parameters affecting Equation (8) (χ, vd, a and b) are calibrated simultaneously in order to minimize the RMSE of the soiling losses modelled during the first campaign year.
At both stations, and as for the original HSU model, the calibration is also checked in terms of bias and MAE (Eqs. (10) and (11), respectively).
The calibration results for the parameters corresponding to each model and station are then used to simulate the soiling losses corresponding to the second half of the campaign (from 1st January 2021 to 31st December 2021). This period is denominated validation period, and it shows the performance of the calibrated model. For that purpose, the error metrics given by Equations (9–11) are also calculated for the validation period.
The results corresponding to each considered soiling type are presented in the following sections.
3.1.1 Shinyanga calibration
The calibration of the original HSU model at Shinyanga indicated the lowest RMSE model performance during the calibration period, considering a value of the cleaning threshold of CT = 2.6 mm day−1 and a deposition velocity of vd = 0.009 m s−1. To calibrate the modified HSU model, χ was first set to 0.5%, following the procedure previously explained. Then, the building-up of persistent soiling was characterized for the entire December 2020, yielding a value of vd = 0.011 m s−1. Third, optimal parameter values of a = 0.10 and b = 0.23 were found.
Using these values, the time series of soiling losses predicted by each model for the entire campaign period was produced. The comparison of the predicted soiling losses with the observations is shown in Figure 3. During the calibration period, both HSU model options roughly follow the observations. Both models underestimate the SL in the first months. In the dry season of the calibration period, the modified HSU model first overestimates the SL by up to about 1% and then underestimates the soiling loss after a rain event with a small rain sum below the original HSU model's threshold. The original HSU model follows the observation more closely in the dry season but underestimates SL after a rain event at the end of September 2020. After this rain event the HSU modified model produces an incomplete cleaning event and overestimates SL for about two weeks by about 1%. After the first strong rainfall of the rainy season the HSU original model underestimates the SL stronger than the modified version.
The error metrics for the calibration period are shown in Table 1. The HSU original model performs better than the HSU modified one in terms of RMSE and MAE for this period. The modified HSU model achieves a smaller absolute bias. Both model options show a negative bias.
The situation is different during the validation period. In this case, the partial cleaning effect featured by the modified HSU model helps it to reproduce the observations in a more accurate way than the original HSU model: as the latter considers a complete cleaning of the PV modules every time the daily rain sum surpasses 2.6 mm, this applies also for a small rain event in July 2021. The complete cleanings by rain caused the original HSU model to strongly underestimate the observations for great parts of the validation period. The better performance of the modified HSU model during the validation period is also reflected in the error metrics in Table 1.
	[image: Thumbnail: Fig. 3 Refer to the following caption and surrounding text.]	Fig. 3 (a) Model optimization for the mostly removable soiling type observed at the Shinyanga station. The blue line shows the time series of soiling losses produced with the calibrated original HSU model, whereas the green line corresponds to the modified HSU model. While the training period is indicated with a white background and solid lines in panel (a), the shaded background and dashed lines correspond to the validation period. The observed soiling losses at Shinyanga are depicted by the solid orange line across the entire campaign period. Panel (b) shows the observed daily rain sum (orange line) at the station, as well as the corresponding ERA5 values (blue line).



Table 1 
Error metrics and calibration results for the original and modified HSU models calibrated for the soiling conditions observed during the first year at Shinyanga.

3.1.2 Homa Bay calibration
During the calibration period, the best performance of the original HSU model was found for a cleaning threshold of 18.5 mm day−1 and a deposition velocity of 0.0007 m s−1. While the calibration of CT for Homa Bay displays a much higher value than that of Shinyanga (2.6 mm day−1), the particles at Homa Bay are assumed to deposit on top of the PV panels with a lower deposition velocity than at Shinyanga (0.009 m s−1).
In the case of the modified HSU model, the calibration's first step yielded a deposition velocity of vd = 0.007 m s−1, which indicates a slower deposition of the pollutants on top of the PV panels than at Shinyanga (similar to the case of the original HSU model) and a daily percentage of accumulated persistent soiling of χ = 2.5% , significantly higher than the one estimated for Shinyanga (χ = 0.5%). Secondly, the calibration yielded values of a = 0.3 and b = 0.08, showing a cleaning effect by rain larger than the one estimated for Shinyanga (a = 0.10 and b = 0.23).
The comparison between observed and predicted soiling losses at Homa Bay is shown in Figure 4. In this case, the original HSU model is unable to reproduce the continuous increase of the soiling losses observed at this station, produced by the continuous accumulation of firmly adherent mass, which cannot be removed by the rain. Hence, the HSU model underestimates the soiling losses during most of the campaign period, impacting the error metrics shown in Table 2. The best calibration result for the cleaning threshold is very high (18.5 mm day−1), so that at least at times a missed partial cleaning for which the model assumes no cleaning at all occurs, which compensates for the frequent overestimation of cleaning for very strong rain above the cleaning threshold. For a soiling type with the characteristics observed at Homa Bay, the original HSU model performs significantly worse than the modified HSU model in terms of bias, RMSE, and MAE during both the calibration and the validation period.
	[image: Thumbnail: Fig. 4 Refer to the following caption and surrounding text.]	Fig. 4 (a) Model optimization for the soiling type observed at the Homa Bay station, where a significant amount of persistent soiling is present. The blue and green lines show the time series of soiling losses produced by the calibrated original and modified HSU models, respectively. The background in panel (a) indicates the calibration period, while the validation period is denoted by the shaded background, along with the dashed lines. The observed soiling losses at Homa Bay are depicted by the solid orange line across the entire campaign period. Panel (b) shows the observed daily rain sum (orange line) at the station, as well as the corresponding ERA5 values (blue line).



Table 2 
Error metrics and calibration results for the original and modified HSU models calibrated for the soiling conditions observed in the first year at Homa Bay.

3.2 Soiling maps
The calibrated parameters for the locations of Shinyanga and Homa Bay characterize the properties of the soiling type predominant at each station during 2020. Assuming that the properties of the soiling type remain unchanged during long periods of time, the previously introduced soiling models (HSU original and modified) are used to estimate the soiling losses expected for long-term periods of time corresponding to each soiling type. Hence, the average expected soiling losses without manual cleaning for a 20-yr operation period are estimated. The 20 yr were selected as an example of the depreciation time of a PV plant.
Using as input for the soiling models 2D reanalysis gridded data allows estimating the long-term soiling losses at different locations than the calibration sites and, hence, producing maps of long-term trends of soiling losses. This assumes that the presence of a uniform kind of soiling, similar to that occurring at the calibration site, affects the complete considered geographical map. This strongly affects the way in which the maps are intended to be used: the idea is not to create one single map valid for all possible use cases but to provide example maps corresponding to different types of soiling. If the user expects the soiling type of one particular map to occur at their site(s) of interest, that corresponding map can be used. If the user does not know the soiling type or considers various soiling types as possible, various soiling maps should be consulted to estimate the soiling losses for the sites of interest.
The maps permit estimating the 2D spatial variability of the uncertainty associated with two effects: on the one hand, the neglect of the incomplete cleaning effects considered by the modified HSU model (i.e., incomplete cleaning by rain and the presence of persistent soiling), and on the second hand, the error associated with the unknown soiling type affecting each location.
Following this approach, maps representing the geographical distribution of the soiling losses in Europe are created featuring the average soiling losses for the period between 2003 and 2023 (corresponding to the available EAC4 and ERA5 reanalysis input data, shown in Fig. A2). Such maps are produced with both the original and modified HSU models and for the soiling types observed at Shinyanga and Homa Bay. In order to cover such a large geographical area as the European continent, the considered tilt angle in the simulations was adjusted to a value rather close to its optimal value for PV production for selected locations within three different latitude bands. For determining the optimal tilt angle, the Global Solar Atlas was used (https://globalsolaratlas.info/map). In this way, southern European latitudes between 30°N and 45°N consider a tilt angle of θ = 35°, central European latitudes between 45°N and 55°N consider a tilt angle of θ = 39°, and northern European latitudes between 55° and 80° consider a tilt angle of θ = 45°. This has been done to remove a possible systematic effect of the tilt angle for the maps at least partly. The corresponding maps are shown in the following sections.
3.2.1 Removable soiling type (Shinyanga calibration)
The European maps showing the average soiling loss estimated for the period between 2003 and 2023 estimated using the calibrations corresponding to the soiling type observed at Shinyanga during 2020 are shown in Figure 5. Both maps show the cleaning effect of the frequent, abundant precipitation in northern European regions, displaying low values of the soiling losses in this region. On the other hand, various big cities and highly industrialized areas, such as the Po region (northern Italy), display high soiling losses independently of the used approach.
While the map corresponding to the original HSU model produces average soiling losses up to a maximum of 2%, the incomplete cleaning effects incorporated into the modified HSU model take this maximum up to 5%. This characterizes the order of magnitude of the underestimation expected for this soiling type when long-term trends of soiling losses are estimated with the original HSU model in comparison to the estimations of the modified HSU version. This underestimation was expectable, as the model showed a strong negative bias for the validation phase in Shinyanga (Fig. 3a). The underestimation by the original HSU model is also apparent on the average soiling loss estimated for the entire European continent as well as for the German and Andalusian (southern Spain) regions, representative, respectively, of the central- and southern European areas (Tab. 3). For the entire continent, soiling loss estimates with the HSU model are 4 times lower than the ones estimated with the modified HSU model. However, this underestimation is not homogeneous: in the German case, the underestimation reaches approximately a factor of 1/5, whereas in the Andalusian case, it is only about 1/2.
Besides, Figure 5 and Table 3 also show that considering the Shinyanga type of soiling, mostly washable away by rain, results in a north-to-south increasing trend over the European continent, as displayed by both models. While soiling losses estimated with the original HSU model are on average 3.4 times larger in Andalusia than in Germany, this difference is smaller when estimated with the modified HSU model, with the Andalusian losses being on average only 1.3 times larger than the German ones.
	[image: Thumbnail: Fig. 5 Refer to the following caption and surrounding text.]	Fig. 5 Maps of average soiling losses in Europe for PV operation without manual cleaning over 20 yr (2003–2023) using the original HSU model (a) and its modified version (b) with the corresponding parameters calibrated for the soiling type observed in Shinyanga during 2020 (see Tab. 3). The color bar limits are different for the two cases: Due to the different magnitude of the estimated soiling losses by each model, the color bar in panel (a) reaches up to 2%, whereas the color bar in panel (b) reaches up to 5%.



Table 3 
Average long-term soiling loss for PV operation without manual cleaning over 20 yr (2003–2023) for specific regions in Europe was estimated with both the original and the modified HSU soiling models for the calibration corresponding to the soiling type observed in Shinyanga during 2020. Ranges (max.–min.) are shown in brackets. The calibration results are also provided in the table header.

3.2.2 Persistent soiling type (Homa Bay calibration)
Figure 6 shows the European maps displaying the average soiling loss without manual cleaning for the period 2003–2023, estimated using the calibration characterizing the soiling conditions at Homa Bay in 2020. Despite consisting of a larger fraction of persistent material than the soiling present at Shinyanga, the maps in Figure 6 present similarities to those in Figure 5: the northernmost European region is the region less affected by soiling losses, thanks to the abundant and frequent precipitation. The high concentrations of particulate matter around several bigger cities and in the Po region are also present in Figure 6b (HSU modified). The soiling map produced with the original HSU model is dominated by the exceptionally high cleaning threshold of 18.3 mm day-1 (see Fig. 1A). In this approach, frequent precipitation is not sufficient to clean the PV modules; it must also be exceptionally abundant. This leads to relatively high levels of soiling in regions such as Germany.
Similarly to the Shinyanga case, the original HSU model underestimates the soiling losses. However, in this case, the underestimation, and hence the error due to neglecting the persistent soiling, is larger: at the European level, HSU original estimates maximum soiling losses of 2%, compared to the maximum 10% indicated by the modified HSU model. This can also be observed at the corresponding European, German, and Andalusian averages, displayed in Table 4: on average, neglecting the significant fraction of highly adherent pollutants included in this soiling type would lead to an underestimation of 5.6 times compared to the soiling losses produced with the modified HSU model. For Germany, this underestimation is reduced to 4.9 times, and for Andalusia to 5.3 times.
Compared to the Shinyanga soiling type, the higher fraction of persistent soiling produces long-term soiling losses that are about twice as large. Additionally, the north-to-south variability observed when considering a soiling type mainly removable by rain is erased when considering the Homa Bay soiling type. In this case, independently of the used model, the soiling losses estimated for Germany slightly surpass the soiling losses estimated for Andalusia, as can be observed in Table 4.
	[image: Thumbnail: Fig. 6 Refer to the following caption and surrounding text.]	Fig. 6 Maps of averaged soiling losses in Europe for PV operation without manual cleaning over 20 yr (2003–2023) using the original HSU model (a) and its modified version (b) with the corresponding parameters calibrated for the soiling type observed in Homa Bay during 2020 (see Tab. 4). The color bar limits are different for the two cases and, in the case of the modified model, also different from the map based on the Shinyanga calibration. Due to the different magnitude of the estimated soiling losses by each model, the color bar in panel (a) reaches up to 2%, whereas the color bar in panel (b) reaches up to 10%.



Table 4 
Average long-term soiling loss for PV operation without manual cleaning over 20 yr (2003–2023) for specific regions in Europe was estimated with both the original and the modified HSU soiling models for the calibration corresponding to the soiling type observed at Homa Bay during 2020. Ranges (max.–min.) are shown in brackets. The calibration results are also provided in the header.

3.2.3 Discussion of uncertainty and comparison of the maps with results from literature
The uncertainty of the data shown in the maps is influenced by various factors. Based on the strong deviations of the maps for each of the two evaluated model types caused by the two different calibrations, one can expect that the knowledge of the soiling type is a main uncertainty driver. If the user of an exemplary map does not know that the soiling type and input data errors present at the site(s) of interest are the same as for the example map, the results shown in the map for these sites can deviate strongly from the actual soiling losses. For the average for Germany in our example maps, a factor 2.5 was caused by changing between the two soiling types for both the original and the modified model. If the soiling type is known and if input data errors are reduced by the site-specific calibration, the uncertainty is lower but still significant. The minimum of the uncertainties for this case can be estimated using the RMSE of the validation data sets evaluated in Homa Bay and Shinyanga for sites with a similar average soiling loss (Tabs. 1 and 2). Those RMSEs must be combined with the uncertainty of the reference soiling measurements, which is about 1% for measurements with PV device pairs [14]. This corresponds to a minimum uncertainty of 1.5% for the modified model and 2.3% for the original model in the first two years after a manual cleaning. For sites with frequent and abundant rain and low PM10 the uncertainties are lower than for sites with high PM10 and/or low and infrequent rain. For longer periods without cleaning, the uncertainty grows due to the uncertainty of χ. This also leads to the recommendation to plan periodic cleanings at least every couple of years even in rainy areas to reduce the uncertainty of yield estimations and the risk of production losses.
An additional uncertainty influence stems from soiling types that are excluded from the model because they are not driven by the PM10 and because they did not appear in the underlying ground measurements (e.g., lichen, moss, and other biological growths). Bird droppings are only partly included in the data, as the reference cells are small and as extreme soiling values caused by bird droppings can lead to the exclusion of the data in the processing routine. Depending on the site, these soiling types can lead to high additional soiling losses that are not considered in our model. Hence, for cases with such soiling types, our model would underestimate the soiling losses.
We compared the results to long-term soiling data in the form of maps and long-term soiling experiments from selected publications. A perfect match of the experimental findings from the literature and the 20-yr average losses of our maps cannot be expected, not only because of the model and input data uncertainty but also because of the fact that we only investigate two specific soiling types. However, the comparison can help to check if the results are reasonable, and it increases the understanding of the results.
In a first step our maps with the original HSU model were compared to those with the original HSU model from [17]. For the Shinyanga calibration the maps closely match. With the Homa Bay calibration, significant differences are found as expected due to the high cleaning threshold in our calibration.
The comparison of the long-term experimental soiling from rainy sites is of particular interest for our study. In [17], a 2.53% per year soiling rate was derived for Burgdorf, Switzerland, based on [9]. This would lead to approximately 25.3% average 20-yr soiling loss. This is much higher than the about 5% found in our case for the site with the persistent soiling type from Homa Bay. Such a deviation is, however, not a contradiction but possible, as it is clear that the soiling type used in our maps can deviate from the case in Burgdorf. It was mentioned in [17] that brake dust might be a main contributor to the soiling losses in Burgdorf, and hence, lower losses and better rain cleaning for the two soiling types from our study seem reasonable.
In [18], manual cleaning of PV modules after more than 7 yr without cleaning caused a 5 to 11% performance increase for five investigated sites in North Carolina (USA). This interval of observed losses fits the range of soiling losses in our maps with the modified HSU model based on the Homa Bay calibration. This indicates that the soiling types in [18] can be considered to be persistent.
Lopez-Garcia et al. [8] found an average annual soiling rate of 0.31% per year in their over 30-yr-long data set of PV modules without any cleaning in Ispra, Italy. For the 20-yr average, this would correspond to approximately 3.1% average losses. This is slightly lower than the about 5% losses found for Ispra in our results with the modified model and the Shinyanga calibration. The deviation is considered to be small given the likely difference in soiling types and to be even within the model's uncertainties. A deviation can also be caused due to the different and, in our case, shorter time interval.
The maps from the original HSU model underestimate the soiling losses in comparison to the three described field data sets from the literature. They are therefore considered to be unrealistic for long-term soiling estimation and to strongly underestimate the soiling losses even for many rainy sites. The modified HSU model with the two soiling types used for the maps results in average soiling losses within the range of the three experimental studies, which is encouraging.
4 Summary and conclusion
In order for soiling models to produce realistic estimates of long-term soiling losses, the incomplete cleaning effect of rain, as well as the potential presence of a certain fraction of highly adherent pollutants among the accumulated soiling, needs to be considered.
In this study, we analyze the natural variability of the soiling losses observed at two EAPP stations (Shinyanga and Homa Bay) during a two-year campaign, with one reference cell that was not manually cleaned. The only cleaning effects were, therefore, due to the natural processes and, in particular, the rainfall. At both stations, incomplete cleaning by rain, when the soiling losses were not reset to 0, was observed. However, while at Shinyanga the rain was able to effectively remove most of the pollution accumulated on the reference cell, at Homa Bay, the soiling losses kept steadily increasing despite the abundant levels of precipitation constantly observed during the campaign period. This points toward the presence of a larger fraction of sticky material in Homa Bay.
Elaborating on the work of [14] based on these observations, we modified the original HSU model to incorporate not only the incomplete cleaning effect by rain but also the assumption that a certain fraction of the mass that accumulates daily on the PV module adheres permanently and cannot be removed by rain. Thereafter, both model versions were calibrated to the Shinyanga and Homa Bay soiling types, considering the first year of observations. The calibration results for the parameters of the original model deviate noticeably from default values from the literature and indicate the high importance of a site-specific calibration. The calibrated models were then used to estimate the soiling losses observed during the second campaign year. The error metrics for the validation showed the improved performance of the modified HSU model with respect to the original version.
Soiling models applied to gridded input data have the capability of producing maps of the 2D geographical variability of the soiling losses, as it was shown by Fernández Solas et al. [17]. Similarly, we used 20 yr of trends of input parameters to estimate the long-term variability of the soiling losses in Europe, considering the two soiling types corresponding to Shinyanga and Homa Bay. The application of model parameters derived for the African sites for Europe is considered to be valid for the demonstration of the method and delivers exemplary results that might also occur for soiling types found at some European sites. Each map represents the soiling losses for a specific exemplary soiling type with a given rain cleaning effect. The derived different soiling maps are examples of soiling types that might be found at some European sites. The maps hence demonstrate the method and illustrate the magnitude of soiling losses that have to be expected for different soiling types. The maps should, however, not be understood as the most likely possible values for European soiling. For both soiling types, it was found that employing the original HSU model would yield significant underestimations of the soiling losses, highlighting the importance of the newly incorporated effects. The discrepancies found between the maps corresponding to both soiling types (with the soiling losses corresponding to Homa Bay being about twice the ones corresponding to Shinyanga) illustrate the uncertainty existing at the European level due to the typically unknown soiling types. Depending on the considered soiling type, the north-to-south variability of the soiling losses can be more or less pronounced, and, in cases with a significant amount of persistent soiling, Germany can reach similar soiling losses to the ones estimated for Andalusia.
The method used to create the soiling maps should be further evaluated and validated with more data from various sites and climates in future studies. The method can also be applied to test the effect of different manual cleaning frequencies and decide on the optimal cleaning schedules. Further improvements of the soiling models and a full characterization of the soiling particles would be of interest for such improvements. For example, the current model does not consider, e.g., seasonal variations of the soiling type, aging of the soiling layer, lichens, moss, and other biological growths. Additionally, bird droppings were, at least partly, excluded from the data processing. To include these effects, the so far constant model parameters a, b, vd, and χ would have to change with time, and it is likely that PM-independent terms would have to be added.
The European maps presented in this study can be used by stakeholders in the PV community for several purposes: besides describing the uncertainty associated with long-term trends of soiling losses estimated at the European level due to the unknown soiling type, they can also be helpful to estimate the soiling losses for PV yield analysis at different locations, especially in feasibility studies. Additionally, the provided information on the soiling conditions can help to decide on the most appropriate mitigation measures.
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Appendix
Due to the uniqueness of the soiling losses observed at Homa Bay by the never-manually-cleaned reference cell, displaying a continuous build-up throughout the campaign period despite the continuous, frequent rainfall, the soiling losses recorded by the monthly manually cleaned reference cell were also analyzed. We aimed to confirm that the signature observed by the never-manually cleaned reference cell was indeed due to the accumulation of soiling and discard possible instrumental malfunctioning. The results are presented in Figure A1. During the one-month intervals between manual cleanings, significant soiling losses, above 2% in many cases, were observed. These soiling losses occurred despite the abundant precipitation at Homa Bay's location and hence confirm the physical plausibility of the observations by the never-manually cleaned reference cell.
	[image: Thumbnail: Fig. A1 Refer to the following caption and surrounding text.]	Fig. A1 Soiling losses observed by the monthly manually cleaned reference cell in Homa Bay (a), with the manual cleaning dates indicated by the orange dots. The station precipitation, in terms of daily rain sum, is displayed on panel (b).



The soiling maps presented in Section 3.2 use as input 20 years of PM10 concentrations from EAC4 reanalysis and daily rain sums from ERA5 reanalysis. Hence, the resulting 2D distribution of the time-averaged soiling losses is affected by the 2D distribution of the input parameters, shown in Figure A2a (PM10) and A2b (rain sum). The PM10 concentrations strongly depend on the local sources of particles, with highly industrialized areas, as well as capital cities, displaying the maximum daily levels on average.
	[image: Thumbnail: Fig. A2 Refer to the following caption and surrounding text.]	Fig. A2 European map showing the average values for the period between 2003 and 2023 for EAC4 average PM10 concentrations (a) and ERA5 daily rain sums (b). The number of days within the considered 20-year period when the ERA5 daily rain sum estimated for each location surpassed the cleaning threshold of 18.35 mm day-1 are presented on panel (c).



The precipitation presents, on average, its maximum daily levels in northern and mountainous regions and its minimum values in southern regions. The trade-off between the accumulation of particles and the rain cleaning determines the soiling patterns observed in Figure 3a (map derived with the original HSU model and the Shinyanga soiling type), Figure 3b (map derived with the modified HSU model and the Shinyanga soiling type), and Figure 4b (map derived with the modified HSU model and Homa Bay soiling type). Besides the input data, the 2D soiling distribution generated by the calibrated original HSU model for the Homa Bay soiling type, shown in Figure 4a, is determined by the unusually high cleaning threshold of 18.35 mm day-1. With this condition, in order for PV panels to be cleaned by rain, the latter needs to be not only frequent but extremely abundant. Figure A2c shows the number of days in the period 2003–2023 when the daily rain sum at each location in Europe surpassed such a threshold. The regions showing a scarce occurrence of this condition coincide with those presenting larger soiling losses in Figure 4a.
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All Figures
	[image: Thumbnail: Fig. 1 Refer to the following caption and surrounding text.]	Fig. 1 Locations of the EAPP stations in Kenya, Uganda, and Tanzania, with the stations used in this study (Shinyanga and Homa Bay) highlighted in green (a). Measurement station at Homa Bay (b) and zoom into the three reference cells used to estimate soiling losses (c). Image sources: (a) Google Earth; (b) and (c) Homa Bay station information report by GeoSUN [23].
In the text



	[image: Thumbnail: Fig. 2 Refer to the following caption and surrounding text.]	Fig. 2 Daily soiling losses (blue solid lines) and rainsum (red dashed lines) observed in Shinyanga (a) and Homa Bay (b).
In the text



	[image: Thumbnail: Fig. 3 Refer to the following caption and surrounding text.]	Fig. 3 (a) Model optimization for the mostly removable soiling type observed at the Shinyanga station. The blue line shows the time series of soiling losses produced with the calibrated original HSU model, whereas the green line corresponds to the modified HSU model. While the training period is indicated with a white background and solid lines in panel (a), the shaded background and dashed lines correspond to the validation period. The observed soiling losses at Shinyanga are depicted by the solid orange line across the entire campaign period. Panel (b) shows the observed daily rain sum (orange line) at the station, as well as the corresponding ERA5 values (blue line).
In the text



	[image: Thumbnail: Fig. 4 Refer to the following caption and surrounding text.]	Fig. 4 (a) Model optimization for the soiling type observed at the Homa Bay station, where a significant amount of persistent soiling is present. The blue and green lines show the time series of soiling losses produced by the calibrated original and modified HSU models, respectively. The background in panel (a) indicates the calibration period, while the validation period is denoted by the shaded background, along with the dashed lines. The observed soiling losses at Homa Bay are depicted by the solid orange line across the entire campaign period. Panel (b) shows the observed daily rain sum (orange line) at the station, as well as the corresponding ERA5 values (blue line).
In the text



	[image: Thumbnail: Fig. 5 Refer to the following caption and surrounding text.]	Fig. 5 Maps of average soiling losses in Europe for PV operation without manual cleaning over 20 yr (2003–2023) using the original HSU model (a) and its modified version (b) with the corresponding parameters calibrated for the soiling type observed in Shinyanga during 2020 (see Tab. 3). The color bar limits are different for the two cases: Due to the different magnitude of the estimated soiling losses by each model, the color bar in panel (a) reaches up to 2%, whereas the color bar in panel (b) reaches up to 5%.
In the text



	[image: Thumbnail: Fig. 6 Refer to the following caption and surrounding text.]	Fig. 6 Maps of averaged soiling losses in Europe for PV operation without manual cleaning over 20 yr (2003–2023) using the original HSU model (a) and its modified version (b) with the corresponding parameters calibrated for the soiling type observed in Homa Bay during 2020 (see Tab. 4). The color bar limits are different for the two cases and, in the case of the modified model, also different from the map based on the Shinyanga calibration. Due to the different magnitude of the estimated soiling losses by each model, the color bar in panel (a) reaches up to 2%, whereas the color bar in panel (b) reaches up to 10%.
In the text



	[image: Thumbnail: Fig. A1 Refer to the following caption and surrounding text.]	Fig. A1 Soiling losses observed by the monthly manually cleaned reference cell in Homa Bay (a), with the manual cleaning dates indicated by the orange dots. The station precipitation, in terms of daily rain sum, is displayed on panel (b).
In the text



	[image: Thumbnail: Fig. A2 Refer to the following caption and surrounding text.]	Fig. A2 European map showing the average values for the period between 2003 and 2023 for EAC4 average PM10 concentrations (a) and ERA5 daily rain sums (b). The number of days within the considered 20-year period when the ERA5 daily rain sum estimated for each location surpassed the cleaning threshold of 18.35 mm day-1 are presented on panel (c).
In the text
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        Locations of the EAPP stations in Kenya, Uganda, and Tanzania, with the stations used in this study (Shinyanga and Homa Bay) highlighted in green (a). Measurement station at Homa Bay (b) and zoom into the three reference cells used to estimate soiling losses (c). Image sources: (a) Google Earth; (b) and (c) Homa Bay station information report by GeoSUN [23].
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        Daily soiling losses (blue solid lines) and rainsum (red dashed lines) observed in Shinyanga (a) and Homa Bay (b).

      

    

  
    
      Fig. 3 
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        (a) Model optimization for the mostly removable soiling type observed at the Shinyanga station. The blue line shows the time series of soiling losses produced with the calibrated original HSU model, whereas the green line corresponds to the modified HSU model. While the training period is indicated with a white background and solid lines in panel (a), the shaded background and dashed lines correspond to the validation period. The observed soiling losses at Shinyanga are depicted by the solid orange line across the entire campaign period. Panel (b) shows the observed daily rain sum (orange line) at the station, as well as the corresponding ERA5 values (blue line).

      

    

  
    
      Table 1 

      Error metrics and calibration results for the original and modified HSU models calibrated for the soiling conditions observed during the first year at Shinyanga.

      
        


	 
	 HSU original
 CT = 2.6 mm day−1; vd = 0.009 m s−1
	 HSU modified
 a = 0.10, b = 0.23, vd= 0.011m s−1, χ = 0.5%





	 
	 RMSE (%)
	 MAE (%)
	 Bias (%)
	 RMSE (%)
	 MAE (%)
	 Bias (%)



	Calibration
	 0.59
	 0.45
	  − 0.35
	 0.95
	 0.72
	  − 0.14



	Validation
	 1.89
	 1.16
	  − 0.72
	 1.13
	 0.76
	 0.11





      

    

  
    
      Fig. 4 
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        (a) Model optimization for the soiling type observed at the Homa Bay station, where a significant amount of persistent soiling is present. The blue and green lines show the time series of soiling losses produced by the calibrated original and modified HSU models, respectively. The background in panel (a) indicates the calibration period, while the validation period is denoted by the shaded background, along with the dashed lines. The observed soiling losses at Homa Bay are depicted by the solid orange line across the entire campaign period. Panel (b) shows the observed daily rain sum (orange line) at the station, as well as the corresponding ERA5 values (blue line).

      

    

  
    
      Table 2 

      Error metrics and calibration results for the original and modified HSU models calibrated for the soiling conditions observed in the first year at Homa Bay.

      
        


	 
	 HSU original
 CT = 18.3 mm day−1; vd = 0.0007 m s−1
	 HSU modified
 a = 0.3, b = 0.08, vd= 0.007 m s−1, χ = 2.5%





	 
	 RMSE (%)
	 MAE (%)
	 Bias (%)
	 RMSE (%)
	 MAE (%)
	 Bias (%)



	Calibration
	 1.17
	 0.93
	  − 0.55
	 0.67
	 0.48
	  − 0.09



	Validation
	 2.08
	 1.61
	  − 1.41
	 0.92
	 0.60
	  − 0.44





      

    

  
    
      Fig. 5 
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        Maps of average soiling losses in Europe for PV operation without manual cleaning over 20 yr (2003–2023) using the original HSU model (a) and its modified version (b) with the corresponding parameters calibrated for the soiling type observed in Shinyanga during 2020 (see Tab. 3). The color bar limits are different for the two cases: Due to the different magnitude of the estimated soiling losses by each model, the color bar in panel (a) reaches up to 2%, whereas the color bar in panel (b) reaches up to 5%.

      

    

  
    
      Table 3 

      Average long-term soiling loss for PV operation without manual cleaning over 20 yr (2003–2023) for specific regions in Europe was estimated with both the original and the modified HSU soiling models for the calibration corresponding to the soiling type observed in Shinyanga during 2020. Ranges (max.–min.) are shown in brackets. The calibration results are also provided in the table header.

      
        


	  
	HSU original
CT = 2.6 mm day−1,
vd = 0.009m s−1
	HSU modified
a = 0.10, b = 0.23,
vd = 0.011m s−1, χ = 0.5%





	Europe: average (%)
(range, %)
	0.5
(2)
	1.9
(4.4)



	Germany: average (%)
(range, %)
	0.5
(0.6)
	2.4
(1.7)



	Andalusia: average (%)
(range, %)
	1.7
(0.5)
	3.1
(0.8)





      

    

  
    
      Fig. 6 
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        Maps of averaged soiling losses in Europe for PV operation without manual cleaning over 20 yr (2003–2023) using the original HSU model (a) and its modified version (b) with the corresponding parameters calibrated for the soiling type observed in Homa Bay during 2020 (see Tab. 4). The color bar limits are different for the two cases and, in the case of the modified model, also different from the map based on the Shinyanga calibration. Due to the different magnitude of the estimated soiling losses by each model, the color bar in panel (a) reaches up to 2%, whereas the color bar in panel (b) reaches up to 10%.

      

    

  
    
      Table 4 

      Average long-term soiling loss for PV operation without manual cleaning over 20 yr (2003–2023) for specific regions in Europe was estimated with both the original and the modified HSU soiling models for the calibration corresponding to the soiling type observed at Homa Bay during 2020. Ranges (max.–min.) are shown in brackets. The calibration results are also provided in the header.

      
        


	  
	HSU original
CT = 18.3 mm day−1,
vd = 0.0007 m s−1
	HSU modified
a = 0.30, b = 0.08,
vd = 0.007 m s−1, χ = 2.5%





	Europea: average (%)
(range, %)
	0.8
(1.9)
	4.5
(7.9)



	Germany: average (%)
(range, %)
	1.2
(1.4)
	5.9
(4.6)



	Andalusia: average (%)
(range, %)
	1.1
(1.0)
	5.8
(1.4)





      

    

  
    
      Fig. A1 

      
        [image: Fig. A1 Refer to the following caption and surrounding text.]
      

      
        Soiling losses observed by the monthly manually cleaned reference cell in Homa Bay (a), with the manual cleaning dates indicated by the orange dots. The station precipitation, in terms of daily rain sum, is displayed on panel (b).

      

    

  
    
      Fig. A2 
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        European map showing the average values for the period between 2003 and 2023 for EAC4 average PM10 concentrations (a) and ERA5 daily rain sums (b). The number of days within the considered 20-year period when the ERA5 daily rain sum estimated for each location surpassed the cleaning threshold of 18.35 mm day-1 are presented on panel (c).
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