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Abstract. This study assesses the efficacy of the Random
Forest (RF) algorithm in predicting photovoltaic (P¥nhergy
production during Saharan dust intrusion episodesliuding
days of wet deposition. The research focuses oW glBnt in
Tenerife, Canary Islands, during the period July®&eptember
20, 2015, encompassing a significant dust everd. RR model
was applied to both daily and hourly energy proiducforecasts,
incorporating various meteorological and atmosphgarameters
as input features. For daily predictions, the maddiieved high
accuracy (97.58%) using only four key featuresasatsolation
hours, incident shortwave radiation, wind velocagd maximum
gust velocity. Hourly predictions required ten feas to attain
comparable accuracy (95.86%). The study demonstthee RF
algorithm's robustness in forecasting PV outputemmcbmplex
atmospheric conditions, even with limited non-ituglata.
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1. Introduction

Airborne mineral dust has well-known effects on lamm
health, visibility, and other environmental aspgects
including adverse effects on PV energy production.
Mineral dust particles interact with solar radiatithrough
scattering and absorption processes, altering lbéh
guantity and spectral distribution of light incidesn PV
panels. Moreover, the deposition of dust on pandhses
further exacerbates these effects, potentially ltiaguin
long-term degradation of system performance. This
phenomenon is especially relevant in regions ptorsust
events, such as those near deserts or areas dffegte
long-range dust transport, for example the Canglgntls.
Due to its commitment to renewable energy transijtio
with ambitious targets for solar power integratistydies

of the effects of mineral dust on PV performance af
particular significance in this archipelago.

Accurate prediction of dust impacts on PV productie
important for several reasons. Firstly, it enabiaere
effective grid management and load balancing, paetily

in regions with high PV penetration [1]. Secondly,
improved forecasts can optimize maintenance schedul
[2], allowing for timely cleaning interventions toitigate
dust accumulation effects. Lastly, precise predii
contribute to more accurate financial modeling aisé
assessment for PV projects.

Some authors have used various single or hybrid
learning-based predictive models for forecastingtdu
accumulation on PV panels and for performing multi-
horizon (usually short-term) predictions of PV aner
production [1], [3], [4]. These studies highlightéde
importance of considering atmospheric environmental
factors as feature variables for the models. Amtirg
various models employed for PV energy predictioR, R
has emerged as one of the most successful appsache
demonstrating superior performance in terms of eegu
and robustness [5]. In this paper, we predict luztiy

and hourly PV production at a PV plant located in
Tenerife, Canary Islands, during a period of tirhatt
includes an African dust outbreak which includest we
deposition of dust.

2. Methods and data
A. Sudy Site

The study site is located in the southeast of Titmehe
largest of the Canary Islands. This archipelagodated

off the northwest coast of Africa. Due to their
geographical location, these islands are a pegkte
for the development of renewable energy projedterg
their climate and volcanic nature, which provide
abundant renewable resources. Our energy production
data was measured in the SOLTEN | photovoltaic tplan
platform, managed by the Instituto Tecnolégico y de
Energias Renovables (ITER), with a total rated poofe
13 MW.



B. Sudy period and identification of an African dust
episode

For this study, as we needed to identify a longcafn dust
episode with some clean days before and afterplsode,

we focused our searching in the Summer season, when

mineral dust concentrations can be high in the Gana
Islands for a week or more [6]. Summer dust intasiin
the Canary Islands takes place mainly at mediumhégtal
altitudes [7], [8] when the presence of dust in the
atmosphere can reduce the incoming solar radiatiuh
the gravitational deposition of the dust can redtive
photovoltaic panels performance.

The study period selected for this investigatioarsped
from July 24, 2015, to September 20, 2015. Withis t
timeframe, an African dust intrusion episode oocedrr
from August 6 to August 14, encompassing severg da
wet dust deposition. The remaining days of the ystud
period were characterized as clean days, with PM10
concentrations below 40 pgim

C. Machine learning method: Random Forest Regression

A RF model [9] has been carried out to predict bddfly
and hourly photovoltaic solar energy productiontla
study site. This algorithm undertakes the constacof
numerous decision trees during the training phasd a
subsequently derives predictions by aggregatingrban
or mode outputs from these individual trees. RFitgth
notable capabilities in handling substantial datase
characterized by high dimensionality, but it aldwws
good accuracy with small sample sizes. Moreover, it
demonstrates resilience in the face of missing eslu
present within the dataset, enabling robust perdoca.

As the RF algorithm should get better results ihgsall
the entries for a given time, and it exhibits good
performances even with small sample sizes, we pagd
our calculations only with data corresponding tdeda
without any missing value. Using imputation techusg to
tackle missing values is not recommended in th&ecas
some missing values are completely random and sther
such those of Aerosol Optical Depth (AOD), are migs
because of technical reasons (in this case, sats#insor
not measuring AOD because of the presence of clouds
which is a common problem in remoting sensing
measurements [10]).

To predict photovoltaic solar energy productionhwihe

RF algorithm, we needed to segregate the datateetwo
distinct portions. The first portion, constitutiB®% of the
total samples, was assigned as the training saripile.
remaining 20% was designated as the test sample. In
addition, to assess the performance goodness oREhe
regression model, we calculated Mean Absolute Error
(MAE) as shown in Equation 1, Mean Absolute
Percentage Error (MAPE, one of the most common
precision evaluation indexes used in the literature
regarding Machine Learning forecasts) as shown in
Equation 2 and accuracy as shown in Equation 3.

_ Yiilprediction;—test;|

MAE - 1)
n (|prediction;—test;|
p by
MAPE = . 1100%  (2)
Accuracy = 100 — MAPE % 3)

where n is the number of days in the training santpdt

are the energy production measurements in theirtgain
sample andoredictions are the model estimation of the
energy production for the days on the training damp
Finally, we calculated the Pearsons correlation
coefficient to know the strength of the relatiomshi
between the actual and predicted energy production
values.

To assess the relative importance of each featniable
in the predictability of the target variable, thei-&it-
learn library for the RF algorithm calculates theedn
Decrease in Impurity (MDI), which is a value rargin
from O to 1, for each of the features [9], [11].ding
the impact of each feature variable in the predgictf
the target variable is important for the rankingdan
selection of the variables in the final model.

D. Energy production and atmospheric data used

Remote weather data and remote sensing (satellite)
observational data, as well as simulated data, baea
used for the study period as input feature varmfide the
RF algorithm. These feature variables are showainle
| for daily and in Table Il for hourly mean photdiaic
energy production predictions. The feature varisilere
chosen to describe the weather conditions thataffegt
to the PV panels productivity in a site affectedAfsican
dust intrusions, providing a broad view of weathed
pollution conditions in the surrounding area of gtady
site.

Table I. - Daily feature variables for the RF algon and type
(RP = remote pollution data; RW = remote weather;ddta
MERRA 2 model reanalysis; RS = remote sensing data)

Daily mean feature
variablesand type
PM10 at Granadilla (RP)

Daily mean feature
variables and type
Solar insolation hours
(RW)
PM2.5 at Granadillla (RP) Maximum pressure (RW|
PM10 at El Rio (RP) Minimum pressure (RW)
PM2.5 at El Rio (RP) Minimum pressure hour

(RW)
Air temperature (RW) Aerosol Optical Depth|-
Terra (RS)
Minimum air temperaturg Aerosol Optical Depth -
(RW) Aqua (RS)
Maximum air temperature Cloud fraction — Terra
(RW) (RS)
Wind direction (RW) Cloud fraction — Aqua
(RS)

Wind velocity (RW)
Maximum gust velocity
(RW)

Maximum gust direction

Total cloud fraction (M),
Incident shortwave
radiation (M)
Surface absorbed




(RW)

longwave radiation (N

Precipitation (RW)

Dust column mass densi
M)

Relative humidity (RW)

Dust surface mas
concentration (V

Table Il. -Hourly feature variables for the RF algorithm anplet
(RP = remote pollution data; RW = remote weather;ddta
MERRA 2 model reanalysis; RS = remote sensing

Hourly mean feature
variablesand type

Hourly mean feature
variables and type

PM10 at Granadilla (RP)

Relative humidity (RW

PM2.5 at Granadillla (RP

) Total cloud area fractio

(M)

Incident shortwav
radiation (M
Surface absorbe
longwave radiation (v
Dust columrdust density)]
(M)

Dust surface mas
concentration (V

PM10 at El Rio (RP)

PM2.5 at El Rio (RP)

Air temperature (RW)

Wind velocity (RW)

Wind Direction (RW)

Remote meteorological data was measured at thest
airport, which is the Tenerife Sur Airp, located 6.7 km
from the photovoltaic plant. This meteorologicaltalas
representative of our study site, as the airpofbésited
almost at the same altitude thre same slope of the islar
without significant wind regime or cloudiness difaces
Thee measurements were provided by the Spe
Meteorological Agency OpenData datab{12], except
relative  humidity, which was provided by t
METeorological Aerodrome Reports (METAR) datab
runned by University of Wyoming [13]Remote sensin
data measured by the Moderate Resolution Ima
Spectroradiometer (MODIS) onboard of Aqua and T
satellites (NASA) were used for the quantificatimindust
presence over the study site. In particular, AOD
correlates very well (R=0) with PM10 concentratior
measured in-situReanalysis data from the Mod-Era
Retrospective analysis for Research and Applical
version 2 (MERRA2) was also used to account for
presence of mineral dust in the atmosphere, aaddount
for the ncident shortwave radiation and the longw
radiation absorbed by the surface. Both MODIS
MERRA-2 datasets were retrieved from the Giove
(NASA) database [14] for anrea surrounding Tener.
Regarding the target variable, after performing
intercomparison of hourly data from 127 countersaifex
in the SOLTEN platform, we decided to use all adrthto
have a measurement of the total energy productiche
plant. Figure 1 shows the daily and hourly totakrgy
production for the study pied, with the African dus
episode shaded in color orange.

3. Results

A. Preliminary analysis of the minimums of total energy
production

Figure 1shows that the most prominent reduction of
total energy production occurred during the dussae.
The bw values on 6th, 13th and 16th September, u
60000 kWh, did not coincide wittan African dust
episode but with 3 of the 4 highest relative humid
values in the timeseries (76.5%, 77.5% and 7¢
respectively), the 3 lowest values of wind velogity6, 3
and 2 m/s respectively), and precipitation of 0.6 on
6th September (the only r-null daily precipitation
value apart from those occurred during the Africkust
episode). The day with the highest cloud area ifra
(58.17% of the sky) and lowest incident shortw
radiation (187.9 kWh) occurred on 10th Septem
which is the 5th day with less al energy production.
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Fig. 1. Daily (top and hourly bottom) total energy production
for the study period. The African dust episode figtmto 14tF
August is shaded in oran

B. Results of Random Forest Regression with daily data

We stated our analysis using the 26 daily variak
shown in Table | as features to classify them imgeof
its contribution to our RF model. Then, we analyhedv
removing the less important features, and subseig
reducing the complexity of our model, ects to the
prediction of daily energy production in our stigite.
Although initially our time series consisted of 8ays,
we performed a list wise deletion, removing datanf
days with any missing values, so we have 26 daysf
them used for modetaining and the remaining 6 to te
the model. Among the 33 missing dates in the aiswl
only two of them (10 and 13 August) corresponddaygs
of African dust episode. As the dates with missiatyes
are not equally distributed over the 26 varia,



rebuilding the model after a feature removal caad|¢o
have a longer timeseries. As it is well known that
increasing the length of data series improve tfmiacy

of Machine Learning algorithms [15],[16] ,we mainied
the same 26 days all over the analysis to avoi@tfeet of
using datasets belonging to non-comparable timegeif

we do a pair wise deletion.

For the 26 initial feature variables, the RF mogieks a
MAE of 2135.81 kWh, MAPE of 2.84%, and an accuracy
of 97.16%. As expected, the MDI values show tharsol
insolation hours as the most important feature 20.3
followed by the incident shortwave radiation (0.@jnd
velocity (0.08), maximum gust velocity (0.08), aoé
absorbed longwave radiation (0.05), total cloudaare
fraction (0.05), relative humidity (0.04) and AOD
measured with MODIS aboard the Aqua satellite (0.04
The features which do not contribute to the moti#( =
0.0) are temperature, dust surface mass concemirati
precipitation, minimum and maximum temperature,

minimum and maximum pressure, and minimum pressure

hour. Regarding features related to African dussence
over the study site, the most important (MDI = Q.&Athe

AOD measured by the MODIS sensor onboard the Aqua

satellite, which is the 9th feature in importance.

As mentioned above, after fitting the RF model gsiine
complete set of feature variables for days withimy a
missing value, we analyzed the accuracy of theigieds
depending on the input features used, removing airee
time starting with the one with less importanceueal
Although using the RF model with 5 up to 26 feasure
leads to good results, with accuracies above 9686R&n
above 0.7 in all cases, the performance is noebétan
using the 4 most important features. The best gafoe
MAE, MAPE and accuracy, which are 1857.79 kWh,
2.42% and 97.58% respectively, are found when usiag
first 4 features. These features, ordered by inapod, are
solar insolation hours, incident shortwave radiatiovind
velocity and maximum gust velocity. After limitinthe
input variables to these four features, the MDlUealwere
0.45 for solar insolation hours, 0.26 for incidehbrtwave
radiation, 0.15 for maximum gust velocity and 0fb4
wind velocity. Figures 2 show the comparison betwie
predicted daily energy production values and theiesc
values. The Pearsons correlation coefficient?s0R82 (p-
value < 0.05).
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Fig. 2. Daily energy production measured (bluesyand
predicted (red dots) for the study period, usirg4hmost
important features.

It was expected that the most important featuresewe
related to insolation hours, incident shortwaveiatéaoh,
absorbed longwave radiation and cloudiness. However
although we obviously find the insolation hours
responsible of 45% of the predictability of the alot
energy production, it seems that both the insafatiours
measured in-situ and the incident shortwave raitiati
from the MERRA-2 reanalysis are effectively accangnt
for both the effect of cloudiness and turbidityairfin the
presence of airborne African dust. In fact, the detv
values of incident shortwave radiation occurred1&fi
August (174.78 WI/A), coinciding with the second
lowest value of insolation hours (1.5 h), and thevdst
value of isolation hours in the daily time seri€s5(h)
occurred on 10 August, both days during the African
dust episode. The third most important feature,imam
gust velocity, and the mean daily wind velocity daave

a cleaning effect in mitigating dust deposition the
surface of the solar panels. Although some autfoansd
that reductions of the solar panels performance tdue
dust accumulation increases as wind velocity irszean
desert areas [17], [18], [19] as those are dustcsou
areas, this is not the case of our study area.tibddily,
wind velocity is related with relative humidity, &égh
wind velocity reduces the relative humidity of the
[20], [21]. Moreover, wind velocity may exert a diog
influence on the photovoltaic system, thereby
diminishing the operational temperature of the rso&ls
which leads to enhanced performance of the phataieol
installation. It is also worth to mention that higdative
humidity values combined with the presence of thaste
been proved to lead to salt solution droplets wiaicts as
cement to anchor insoluble particles in the surfafcthe
photovoltaic cells [22], [23]. However, relative rhigity,
which after our preliminary analysis seemed to pday
important role in energy production, turned out hmt
improve our daily prediction model if we includedas a
feature variable.



Regarding rainfall, many authors have shown tha th
cleaning effect of rainfall on the surface of sofmmels
depends on the amount of precipitation. Moreowanfall
itself can be a problem because, if it is brief afidow
intensity, it can cause that dirty rain dropletskshg to the
solar panel surface reducing its performance [88me of
the days with a non-null value of precipitation idgrour
study period coincide with the African dust epis¢deout
of 7 rainy days), as this African dust outbreakuded wet
deposition of dust. The highest value of daily ppiation
was 2.8 mm during the f0August, while on 12 and 1%’
August the daily precipitation values were 2.5 nmd 4.5
mmm respectively, all of these days belonging ® dhst
episode.

C. Results of Random Forest Regression with hourly data

As in the case of daily data, we performed an aislyf
the RF model performance using all feature var@ble
which are 13 variables (Table Il), and then we atpe the
calculations removing one feature at a time, from less
important to the more important. For the entireigubrof
study, we have 1416 hourly data points, 794 of them
corresponding to hours with energy production. Wi¢y o
used data for non-zero energy production hours, (i.e
avoiding nighttime data) in order to improve thediction
performance [24], [25], [26], [27]. After removing
nighttime data and missing data from any featurélte,
we have 571 hourly data points. From this 571 gdatats,
456 of them were used to train the model (80% efdhta)
and 115 to test it (20% of the data).

MDI values show that the incident shortwave radiatis
the most important (0.77), followed by temperat{@®9),
relative humidity and total cloud area fraction3)0.wind
velocity (0.2), PM10 at Granadilla. PM10 at El Rind
PM2.5 at El Rio, wind direction, surface absorbed
longwave radiation and dust column mass densiy1j0.
The values of PM2.5 at Granadilla and dust surfaess
concentration seem to not contribute to the mosiace
these two feature variables have an MDI importandex

of 0. Using the 13 feature variables in Table Wy &®kF
model gives a MAE = 862.94 kWh, MAPE = 4.19% and
an accuracy of 95.81%.

Although using the RF model with 11 up to 13 feasur
leads to good results, with’Rbove 0.89 in all cases, the
performance is not better than using the 10 mopbitant
features. The best values for MAE, accuracy ands@ea
correlation coefficient are found when using thestfil0
features ordered by importance, which are incident
shortwave radiation, temperature, relative humjdittal
cloud area fraction, wind velocity, PM10 at Grafiadli
PM10 at El Rio, PM2.5 at El Rio, wind direction and
surface absorbed longwave radiation. After limititige
input variables to these 10 featurds®e MDI values were
0.77 for the incident shortwave radiation, 0.09 fbe
temperature, 0.03 for both the relative humidityl dotal
cloud area fraction, 0.02 for both the wind velgcitnd
surface absorbed longwave radiation, and 0.01 K&t (Pat
Granadilla, PM10 at El Rio, PM2.5 at El Rio and dvin
direction. Figure 3 shows the comparison between th
predicted daily energy production values and theiedc

values. For these 10 features, the RF model givdsRa

of 856.97kwWh, MAPE of 4.14%, and an accuracy of
95.86%. The Pearsons correlation coefficient is R.9
(p-value < 0.05), which is a better value than fioaind
for the daily prediction.
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4. Discussion

As was expected, the feature variables which desdhe
amount of solar radiation that reaches the surfaeee
found to be the most important features both fardaily
and hourly RF prediction models. In the case ofydai
data, these features are the solar insolation {4 =
0.45) and the incident shortwave radiation (MDI.26),
while in the case of hourly data this feature ssiticident
shortwave radiation (MDI = 0.77), since solar igian
hours are obviously not available in hourly data.

The best RF model performance for the daily forecas
only needs two more features, which are maximun gus
velocity and wind velocity, both contributing to eth
model with almost the same importance (MDI = 0.48 a
MDI = 0.14 respectively). Thus, incident solar &atin

and wind resulted to be the key environmental facto
modulate the daily energy production in our studg.s
Using these four features, the accuracy of the inizde
97.58%, and the correlation coefficient between the
actual and predicted energy production valuesgh (iR

= 0.82), even considering the short dataset (26)dayd

the different meteorological scenarios within thelsgs

(an African dust outbreak including some days witt
deposition, clean days, and even light or moderate
precipitation). Three of these four features ammate
weather variables, and one of them is a varialiteewed
from the MERRA 2 reanalysis database, thus the temo
sensing variables measured from satellites did not
contribute to enhance the performance of the model.

Regarding the hourly prediction, the best results a
obtained when using the 10 most important features
available. As mentioned above, the incident shoréwa



radiation is by far the feature that more contgésuto the
performance of the model in this case (MDI = 0.A8.in
the case of the daily prediction, wind must be @ered
as a feature to improve the prediction. In the aafsthe
hourly prediction, some features like temperatueégtive
humidity, total cloud area fraction, surface absadrb
longwave radiation and particulate matter concéiotma
(PM10 and PM2.5), with MDI values ranging from 0109
0.01, also contribute to the improvement of the ehod
Using the 10 most important features, the accucddpe
model is 95.86% (slightly lower than in the casetlod
hourly prediction) and the correlation coefficidrgtween
the actual and predicted hourly energy productiaines is
very high (R = 0.9). This Ris higher than in the case of
the daily model due to the longest dataset (794Ihaiata
vs. 26 daily data). Thus, for the hourly predictiva need
more feature variables to achieve similar resustsnathe
case of the daily prediction. This was expectedmase
features are necessary to explain the hourly vititialof
the energy production under different meteoroldgica
scenarios. Eight of these ten features are remeggher
variables, and two of them were retrieved from the
MERRA 2 reanalysis database.

It is worth noting that temperature, relative huityicand
particulate matter concentration are needed to hatr
results in the hourly prediction, all of them beiayiables
that directly affect the performance of the solangls, as
mentioned before. However, these features resuiteabt
being important for the daily prediction.

5. Conclusions

In this study, we aimed to assess how a set ofifeat
variables of different nature (remote weather
measurements, reanalysis and remote sensing from
satellites) contributes to predict the energy pobtity of

a solar plant in a daily and hourly basis, forta sicated

in a region where African dust outbreaks frequentygur,
using the RF algorithm. For both daily and hourly
predictions, we did not find any satellite measwratn
which improved our model. The RF model needed more
features to reach the best results in the casheohourly
prediction (10 features) in contrast with the daily
prediction (4 features). In both cases, the acgucddhe
model is above 95%, and the correlation coefficient
between the actual and predicted energy produgadires

is over 0.8.

The African dust concentration resulted important the
model only in the case of the hourly predictionkisTis
also the case of the relative humidity, wind dii@ttand
temperature. An analysis of the performance of BF f
daily PV power production predictions should be &on
with more African dust episodes to discard the atfief
only having one episode in our daily results. AIB&]10
and PM2.5 in-situ measurements, which are easytiro
with low-cost sensors, should be included as featur
variables. Some features related to solar radiataenit
was expected, were the most important for bothydaild
hourly models.

Although we did not use in-situ meteorological date
remote meteorological data available from the ratare
airport, 6.7 km away from our study site, has beeved

to be suitable to describe the meteorological danth of

the solar plant and its surroundings, some of these
measurements contributing to the improvement of the
model.

The RF algorithm was proven to be a good method to
forecast both daily and hourly energy productiwitya
solar plant in a site affected by different metéogaal
conditions, including African dust intrusions, evesing
short datasets of non in-situ meteorological data.

Considering the outcomes and limitations of oudgtu
future research directions could include forecastiging

an extended time series that captures multiplecAfri
dust intrusion events, using PM10 and PM2.5 data
obtained from properly calibrated low-cost sensors.
Furthermore, the study could be replicated usifffgreint
machine learning models to compare their resultstan
determine which one performs best, with an emphasis
hyperparameter optimization to improve its prediti
performance.
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