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Abstract. This study assesses the efficacy of the Random 
Forest (RF) algorithm in predicting photovoltaic (PV) energy 
production during Saharan dust intrusion episodes, including 
days of wet deposition. The research focuses on a PV plant in 
Tenerife, Canary Islands, during the period July 24 to September 
20, 2015, encompassing a significant dust event. The RF model 
was applied to both daily and hourly energy production forecasts, 
incorporating various meteorological and atmospheric parameters 
as input features. For daily predictions, the model achieved high 
accuracy (97.58%) using only four key features: solar insolation 
hours, incident shortwave radiation, wind velocity, and maximum 
gust velocity. Hourly predictions required ten features to attain 
comparable accuracy (95.86%). The study demonstrates the RF 
algorithm's robustness in forecasting PV output under complex 
atmospheric conditions, even with limited non-in-situ data. 
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1. Introduction 
 
Airborne mineral dust has well-known effects on human 
health, visibility, and other environmental aspects, 
including adverse effects on PV energy production. 
Mineral dust particles interact with solar radiation through 
scattering and absorption processes, altering both the 
quantity and spectral distribution of light incident on PV 
panels. Moreover, the deposition of dust on panel surfaces 
further exacerbates these effects, potentially resulting in 
long-term degradation of system performance. This 
phenomenon is especially relevant in regions prone to dust 
events, such as those near deserts or areas affected by 
long-range dust transport, for example the Canary Islands. 
Due to its commitment to renewable energy transition, 
with ambitious targets for solar power integration, studies 
of the effects of mineral dust on PV performance are of 
particular significance in this archipelago. 
 
Accurate prediction of dust impacts on PV production is 
important for several reasons. Firstly, it enables more 
effective grid management and load balancing, particularly  

in regions with high PV penetration [1]. Secondly, 
improved forecasts can optimize maintenance schedules 
[2], allowing for timely cleaning interventions to mitigate 
dust accumulation effects. Lastly, precise predictions 
contribute to more accurate financial modeling and risk 
assessment for PV projects. 
 
Some authors have used various single or hybrid 
learning-based predictive models for forecasting dust 
accumulation on PV panels and for performing multi-
horizon (usually short-term) predictions of PV energy 
production [1], [3], [4]. These studies highlighted the 
importance of considering atmospheric environmental 
factors as feature variables for the models. Among the 
various models employed for PV energy prediction, RF 
has emerged as one of the most successful approaches, 
demonstrating superior performance in terms of accuracy 
and robustness [5].  In this paper, we predict both daily 
and hourly PV production at a PV plant located in 
Tenerife, Canary Islands, during a period of time that 
includes an African dust outbreak which includes wet 
deposition of dust. 
 
2. Methods and data 
 
A. Study Site 
 
The study site is located in the southeast of Tenerife, the 
largest of the Canary Islands. This archipelago is located 
off the northwest coast of Africa. Due to their 
geographical location, these islands are a perfect place 
for the development of renewable energy projects, given 
their climate and volcanic nature, which provide 
abundant renewable resources. Our energy production 
data was measured in the SOLTEN I photovoltaic plant 
platform, managed by the Instituto Tecnológico y de 
Energías Renovables (ITER), with a total rated power of 
13 MW. 
 



B. Study period and identification of an African dust 
episode 
 
For this study, as we needed to identify a long African dust 
episode with some clean days before and after the episode, 
we focused our searching in the Summer season, when 
mineral dust concentrations can be high in the Canary 
Islands for a week or more [6]. Summer dust intrusions in 
the Canary Islands takes place mainly at medium and high 
altitudes [7], [8] when the presence of dust in the 
atmosphere can reduce the incoming solar radiation and 
the gravitational deposition of the dust can reduce the 
photovoltaic panels performance.  
 
The study period selected for this investigation spanned 
from July 24, 2015, to September 20, 2015. Within this 
timeframe, an African dust intrusion episode occurred 
from August 6 to August 14, encompassing several days of 
wet dust deposition. The remaining days of the study 
period were characterized as clean days, with PM10 
concentrations below 40 µg/m3. 
 
C. Machine learning method: Random Forest Regression 
 
A RF model [9] has been carried out to predict both daily 
and hourly photovoltaic solar energy production at the 
study site. This algorithm undertakes the construction of 
numerous decision trees during the training phase and 
subsequently derives predictions by aggregating the mean 
or mode outputs from these individual trees. RF exhibits 
notable capabilities in handling substantial datasets 
characterized by high dimensionality, but it also shows 
good accuracy with small sample sizes. Moreover, it 
demonstrates resilience in the face of missing values 
present within the dataset, enabling robust performance. 
 
As the RF algorithm should get better results if using all 
the entries for a given time, and it exhibits good 
performances even with small sample sizes, we performed 
our calculations only with data corresponding to dates 
without any missing value. Using imputation techniques to 
tackle missing values is not recommended in this case, as 
some missing values are completely random and others, 
such those of Aerosol Optical Depth (AOD), are missing 
because of technical reasons (in this case, satellite sensor 
not measuring AOD because of the presence of clouds, 
which is a common problem in remoting sensing 
measurements [10]). 
 
To predict photovoltaic solar energy production with the 
RF algorithm, we needed to segregate the data set into two 
distinct portions. The first portion, constituting 80% of the 
total samples, was assigned as the training sample. The 
remaining 20% was designated as the test sample. In 
addition, to assess the performance goodness of the RF 
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. 
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where n is the number of days in the training sample, test 
are the energy production measurements in the training 
sample and predictions are the model estimation of the 
energy production for the days on the training sample. 
Finally, we calculated the Pearsons correlation 
coefficient to know the strength of the relationship 
between the actual and predicted energy production 
values. 
 
To assess the relative importance of each feature variable 
in the predictability of the target variable, the Sci-kit-
learn library for the RF algorithm calculates the Mean 
Decrease in Impurity (MDI), which is a value ranging 
from 0 to 1, for each of the features [9], [11]. Knowing 
the impact of each feature variable in the prediction of 
the target variable is important for the ranking and 
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, have been 
used for the study period as input feature variables for the 
RF algorithm. These feature variables are shown in Table 
I for daily and in Table II for hourly mean photovoltaic 
energy production predictions. The feature variables were 
chosen to describe the weather conditions that may affect 
to the PV panels productivity in a site affected by African 
dust intrusions, providing a broad view of weather and 
pollution conditions in the surrounding area of the study 
site. 
 
Table I. - Daily feature variables for the RF algorithm and type 
(RP = remote pollution data; RW = remote weather data; M = 

MERRA 2 model reanalysis; RS = remote sensing data) 
 

Daily mean feature 
variables and type 

Daily mean feature 
variables and type 

PM10 at Granadilla (RP) Solar insolation hours 
(RW) 

PM2.5 at Granadillla (RP) Maximum pressure (RW) 
PM10 at El Río (RP) Minimum pressure (RW) 
PM2.5 at El Río (RP) Minimum pressure hour 

(RW) 
Air temperature (RW) Aerosol Optical Depth - 

Terra (RS) 
Minimum air temperature 
(RW) 

Aerosol Optical Depth - 
Aqua (RS) 

Maximum air temperature 
(RW) 

Cloud fraction – Terra 
(RS) 

Wind direction (RW) Cloud fraction – Aqua 
(RS) 

Wind velocity (RW) Total cloud fraction (M) 
Maximum gust velocity 
(RW) 

Incident shortwave 
radiation (M)  

Maximum gust direction Surface absorbed 



(RW) longwave radiation (M)
Precipitation (RW) Dust column mass density 

(M)
Relative humidity (RW) Dust surface mass 

concentration (M)
Table II. - Hourly feature variables for the RF algorithm and type 

(RP = remote pollution data; RW = remote weather data; M = 
MERRA 2 model reanalysis; RS = remote sensing data)

 
Hourly mean feature 

variables and type 
Hourly mean feature 

variables and type
PM10 at Granadilla (RP) Relative humidity (RW)
PM2.5 at Granadillla (RP) Total cloud area fraction 

(M)
PM10 at El Río (RP) Incident shortwave 

radiation (M)
PM2.5 at El Río (RP) Surface absorbed 

longwave radiation (M)
Air temperature (RW) Dust column 

(M)
Wind velocity (RW) Dust surface mass 

concentration (M)
Wind Direction (RW) 

 
Remote meteorological data was measured at the nearest 
airport, which is the Tenerife Sur Airport
from the photovoltaic plant. This meteorological data is 
representative of our study site, as the airport is located 
almost at the same altitude on the same slope of the island, 
without significant wind regime or cloudiness differences. 
These measurements were provided by the Spanish 
Meteorological Agency OpenData database 
relative humidity, which was provided by the 
METeorological Aerodrome Reports (METAR) database 
runned by University of Wyoming [13]. Remote sensing 
data measured by the Moderate Resolution Imaging 
Spectroradiometer (MODIS) onboard of Aqua and Terra 
satellites (NASA) were used for the quantification of dust 
presence over the study site. In particular, the 
correlates very well (R=0.9) with PM10 concentrations 
measured in-situ. Reanalysis data from the Modern
Retrospective analysis for Research and Applications 
version 2 (MERRA-2) was also used to account for the 
presence of mineral dust in the atmosphere, and to account 
for the incident shortwave radiation and the longwave 
radiation absorbed by the surface. Both MODIS and 
MERRA-2 datasets were retrieved from the Giovanni 
(NASA) database [14] for an area surrounding Tenerife
Regarding the target variable, after performing an 
intercomparison of hourly data from 127 counters installed 
in the SOLTEN platform, we decided to use all of them to 
have a measurement of the total energy production in the 
plant. Figure 1 shows the daily and hourly total energy 
production for the study period, with the African dust 
episode shaded in color orange. 
 
3. Results 
 
A. Preliminary analysis of the minimums of total energy 
production 
 

longwave radiation (M) 
Dust column mass density 

(M) 
Dust surface mass 
concentration (M) 

Hourly feature variables for the RF algorithm and type 
(RP = remote pollution data; RW = remote weather data; M = 

MERRA 2 model reanalysis; RS = remote sensing data) 

Hourly mean feature 
variables and type 

Relative humidity (RW) 
Total cloud area fraction 

(M) 
Incident shortwave 

radiation (M) 
Surface absorbed 

longwave radiation (M) 
Dust column dust density 

(M) 
Dust surface mass 
concentration (M) 

 

Remote meteorological data was measured at the nearest 
airport, which is the Tenerife Sur Airport, located 6.7 km 
from the photovoltaic plant. This meteorological data is 
representative of our study site, as the airport is located 

the same slope of the island, 
without significant wind regime or cloudiness differences. 

e measurements were provided by the Spanish 
Meteorological Agency OpenData database [12], except 
relative humidity, which was provided by the 
METeorological Aerodrome Reports (METAR) database 

. Remote sensing 
data measured by the Moderate Resolution Imaging 
Spectroradiometer (MODIS) onboard of Aqua and Terra 
satellites (NASA) were used for the quantification of dust 
presence over the study site. In particular, the AOD 

9) with PM10 concentrations 
Reanalysis data from the Modern-Era 

Retrospective analysis for Research and Applications 
2) was also used to account for the 

presence of mineral dust in the atmosphere, and to account 
ncident shortwave radiation and the longwave 

radiation absorbed by the surface. Both MODIS and 
2 datasets were retrieved from the Giovanni 

rea surrounding Tenerife. 
Regarding the target variable, after performing an 
ntercomparison of hourly data from 127 counters installed 
in the SOLTEN platform, we decided to use all of them to 
have a measurement of the total energy production in the 
plant. Figure 1 shows the daily and hourly total energy 

iod, with the African dust 

Preliminary analysis of the minimums of total energy 

Figure 1 shows that the most prominent reduction of the 
total energy production occurred during the dust episode. 
The low values on 6th, 13th and 16th September, under 
60000 kWh, did not coincide with 
episode, but with 3 of the 4 highest relative humidity 
values in the timeseries (76.5%, 77.5% and 74.4% 
respectively), the 3 lowest values of wind velocity (1.6, 3 
and 2 m/s respectively), and precipitation of 0.6 mm on 
6th September  (the only non
value apart from those occurred during the African dust 
episode). The day with the highest cloud area fraction 
(58.17% of the sky) and lowest incident shortwave 
radiation (187.9 kWh) occurred on 10th September, 
which is the 5th day with less tot
 

Fig. 1.  Daily (top) and hourly (
for the study period. The African dust episode from 6th to 14th 

August is shaded in orange.
 
B. Results of Random Forest Regression with daily data
 
We started our analysis using the 26 daily variables 
shown in Table I as features to classify them in terms of 
its contribution to our RF model. Then, we analyzed how 
removing the less important features, and subsequently 
reducing the complexity of our model, aff
prediction of daily energy production in our study site. 
Although initially our time series consisted of 59 days, 
we performed a list wise deletion, removing data from 
days with any missing values, so we have 26 days, 20 of 
them used for model training and the remaining 6 to test 
the model. Among the 33 missing dates in the analysis, 
only two of them (10 and 13 August) corresponds to days 
of African dust episode. As the dates with missing values 
are not equally distributed over the 26 variables

shows that the most prominent reduction of the 
total energy production occurred during the dust episode. 

ow values on 6th, 13th and 16th September, under 
60000 kWh, did not coincide with an African dust 

, but with 3 of the 4 highest relative humidity 
values in the timeseries (76.5%, 77.5% and 74.4% 
respectively), the 3 lowest values of wind velocity (1.6, 3 
and 2 m/s respectively), and precipitation of 0.6 mm on 
6th September  (the only non-null daily precipitation 
value apart from those occurred during the African dust 
episode). The day with the highest cloud area fraction 
(58.17% of the sky) and lowest incident shortwave 
radiation (187.9 kWh) occurred on 10th September, 
which is the 5th day with less total energy production. 

 

 
) and hourly (bottom) total energy production 

for the study period. The African dust episode from 6th to 14th 
August is shaded in orange. 

B. Results of Random Forest Regression with daily data 

ted our analysis using the 26 daily variables 
shown in Table I as features to classify them in terms of 
its contribution to our RF model. Then, we analyzed how 
removing the less important features, and subsequently 
reducing the complexity of our model, affects to the 
prediction of daily energy production in our study site.  
Although initially our time series consisted of 59 days, 
we performed a list wise deletion, removing data from 
days with any missing values, so we have 26 days, 20 of 

training and the remaining 6 to test 
the model. Among the 33 missing dates in the analysis, 
only two of them (10 and 13 August) corresponds to days 
of African dust episode. As the dates with missing values 
are not equally distributed over the 26 variables, 



rebuilding the model after a feature removal can lead to 
have a longer timeseries. As it is well known that 
increasing the length of data series improve the accuracy 
of Machine Learning algorithms [15],[16] ,we maintained 
the same 26 days all over the analysis to avoid the effect of 
using datasets belonging to non-comparable time periods if 
we do a pair wise deletion. 
For the 26 initial feature variables, the RF model gives a 
MAE of 2135.81 kWh, MAPE of 2.84%, and an accuracy 
of 97.16%. As expected, the MDI values show the solar 
insolation hours as the most important feature (0.32), 
followed by the incident shortwave radiation (0.2), wind 
velocity (0.08), maximum gust velocity (0.08), surface 
absorbed longwave radiation (0.05), total cloud area 
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 model (MDI = 
0.0) are temperature, dust surface mass concentration, 
precipitation, minimum and maximum temperature, 
minimum and maximum pressure, and minimum pressure 
hour. Regarding features related to African dust presence 
over the study site, the most important (MDI = 0.44) is the 
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 using the 
complete set of feature variables for days within any 
missing value, we analyzed the accuracy of the predictions 
depending on the input features used, removing one at a 
time starting with the one with less importance value. 
Although using the RF model with 5 up to 26 features 
leads to good results, with accuracies above 96% and R2 
above 0.7 in all cases, the performance is not better than 
using the 4 most important features. The best values for 
MAE, MAPE and accuracy, which are 1857.79 kWh, 
2.42% and 97.58% respectively, are found when using the 
first 4 features. These features, ordered by importance, are 
solar insolation hours, incident shortwave radiation, wind 
velocity and maximum gust velocity. After limiting the 
input variables to these four features, the MDI values were 
0.45 for solar insolation hours, 0.26 for incident shortwave 
radiation, 0.15 for maximum gust velocity and 0.14 for 
wind velocity. Figures 2 show the comparison between the 
predicted daily energy production values and the actual 
values. The Pearsons correlation coefficient is R2=0.82 (p-
value < 0.05). 

 
Fig. 2.  Daily energy production measured (blue dots) and 
predicted (red dots) for the study period, using the 4 most 

important features. 
 

It was expected that the most important features were 
related to insolation hours, incident shortwave radiation, 
absorbed longwave radiation and cloudiness. However, 
although we obviously find the insolation hours 
responsible of 45% of the predictability of the total 
energy production, it seems that both the insolation hours 
measured in-situ and the incident shortwave radiation 
from the MERRA-2 reanalysis are effectively accounting 
for both the effect of cloudiness and turbidity of air in the 
presence of airborne African dust. In fact, the lowest 
values of incident shortwave radiation occurred on 13th 
August (174.78 W/m2), coinciding with the second 
lowest value of insolation hours (1.5 h), and the lowest 
value of isolation hours in the daily time series (0.5 h) 
occurred on 10th August, both days during the African 
dust episode. The third most important feature, maximum 
gust velocity, and the mean daily wind velocity can have 
a cleaning effect in mitigating dust deposition on the 
surface of the solar panels. Although some authors found 
that reductions of the solar panels performance due to 
dust accumulation increases as wind velocity increases in 
desert areas [17], [18], [19] as those are dust source 
areas, this is not the case of our study area. Additionally, 
wind velocity is related with relative humidity, as high 
wind velocity reduces the relative humidity of the air 
[20], [21]. Moreover, wind velocity may exert a cooling 
influence on the photovoltaic system, thereby 
diminishing the operational temperature of the solar cells 
which leads to enhanced performance of the photovoltaic 
installation. It is also worth to mention that high relative 
humidity values combined with the presence of dust have 
been proved to lead to salt solution droplets which acts as 
cement to anchor insoluble particles in the surface of the 
photovoltaic cells [22], [23]. However, relative humidity, 
which after our preliminary analysis seemed to play an 
important role in energy production, turned out not to 
improve our daily prediction model if we included it as a 
feature variable. 
 



Regarding rainfall, many authors have shown that the 
cleaning effect of rainfall on the surface of solar panels 
depends on the amount of precipitation. Moreover, rainfall 
itself can be a problem because, if it is brief and of low 
intensity, it can cause that dirty rain droplets sticking to the 
solar panel surface reducing its performance [22]. Some of 
the days with a non-null value of precipitation during our 
study period coincide with the African dust episode (4 out 
of 7 rainy days), as this African dust outbreak included wet 
deposition of dust. The highest value of daily precipitation 
was 2.8 mm during the 10th August, while on 12th and 13th 
August the daily precipitation values were 2.5 mm and 1.5 
mmm respectively, all of these days belonging to the dust 
episode. 
 
C. Results of Random Forest Regression with hourly data 
 
As in the case of daily data, we performed an analysis of 
the RF model performance using all feature variables, 
which are 13 variables (Table II), and then we repeated the 
calculations removing one feature at a time, from the less 
important to the more important. For the entire period of 
study, we have 1416 hourly data points, 794 of them 
corresponding to hours with energy production. We only 
used data for non-zero energy production hours (i.e., 
avoiding nighttime data) in order to improve the prediction 
performance [24], [25], [26], [27]. After removing 
nighttime data and missing data from any feature variable, 
we have 571 hourly data points. From this 571 data points, 
456 of them were used to train the model (80% of the data) 
and 115 to test it (20% of the data). 
 
MDI values show that the incident shortwave radiation is 
the most important (0.77), followed by temperature (0.09), 
relative humidity and total cloud area fraction (0.3), wind 
velocity (0.2), PM10 at Granadilla. PM10 at El Río and 
PM2.5 at El Río, wind direction, surface absorbed 
longwave radiation and dust column mass density (0.01). 
The values of PM2.5 at Granadilla and dust surface mass 
concentration seem to not contribute to the model, since 
these two feature variables have an MDI importance index 
of 0. Using the 13 feature variables in Table II, our RF 
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 features 
leads to good results, with R2 above 0.89 in all cases, the 
performance is not better than using the 10 most important 
features. The best values for MAE, accuracy and Pearsons 
correlation coefficient are found when using the first 10 
features ordered by importance, which are incident 
shortwave radiation, temperature, relative humidity, total 
cloud area fraction, wind velocity, PM10 at Granadilla, 
PM10 at El Río, PM2.5 at El Río, wind direction and 
surface absorbed longwave radiation. After limiting the 
input variables to these 10 features, the MDI values were 
0.77 for the incident shortwave radiation, 0.09 for the 
temperature, 0.03 for both the relative humidity and total 
cloud area fraction, 0.02 for both the wind velocity and 
surface absorbed longwave radiation, and 0.01 for PM10 at 
Granadilla, PM10 at El Río, PM2.5 at El Río and wind 
direction. Figure 3 shows the comparison between the 
predicted daily energy production values and the actual 

values. For these 10 features, the RF model gives a MAE 
of 856.97 kWh, MAPE of 4.14%, and an accuracy of 
95.86%. The Pearsons correlation coefficient is R2 = 0.9 
(p-value < 0.05), which is a better value than that found 
for the daily prediction. 

 
Fig. 3.  Scatter plot of predicted v.s. actual hourly energy 

production using the 10 most important features. 
 
 
 

 

4. Discussion 
 

As was expected, the feature variables which describe the 
amount of solar radiation that reaches the surface were 
found to be the most important features both for our daily 
and hourly RF prediction models. In the case of daily 
data, these features are the solar insolation hours (MDI = 
0.45) and the incident shortwave radiation (MDI = 0.26), 
while in the case of hourly data this feature is the incident 
shortwave radiation (MDI = 0.77), since solar insolation 
hours are obviously not available in hourly data. 
  
The best RF model performance for the daily forecasts 
only needs two more features, which are maximum gust 
velocity and wind velocity, both contributing to the 
model with almost the same importance (MDI = 0.15 and 
MDI = 0.14 respectively). Thus, incident solar radiation 
and wind resulted to be the key environmental factors to 
modulate the daily energy production in our study site. 
Using these four features, the accuracy of the model is 
97.58%, and the correlation coefficient between the 
actual and predicted energy production values is high (R2 

= 0.82), even considering the short dataset (26 days) and 
the different meteorological scenarios within these days 
(an African dust outbreak including some days with wet 
deposition, clean days, and even light or moderate 
precipitation). Three of these four features are remote 
weather variables, and one of them is a variable retrieved 
from the MERRA 2 reanalysis database, thus the remote 
sensing variables measured from satellites did not 
contribute to enhance the performance of the model. 
 
Regarding the hourly prediction, the best results are 
obtained when using the 10 most important features 
available. As mentioned above, the incident shortwave 



radiation is by far the feature that more contributes to the 
performance of the model in this case (MDI = 0.77). As in 
the case of the daily prediction, wind must be considered 
as a feature to improve the prediction. In the case of the 
hourly prediction, some features like temperature, relative 
humidity, total cloud area fraction, surface absorbed 
longwave radiation and particulate matter concentration 
(PM10 and PM2.5), with MDI values ranging from 0.09 to 
0.01, also contribute to the improvement of the model. 
Using the 10 most important features, the accuracy of the 
model is 95.86% (slightly lower than in the case of the 
hourly prediction) and the correlation coefficient between 
the actual and predicted hourly energy production values is 
very high (R2 = 0.9). This R2 is higher than in the case of 
the daily model due to the longest dataset (794 hourly data 
vs. 26 daily data). Thus, for the hourly prediction we need 
more feature variables to achieve similar results as in the 
case of the daily prediction. This was expected, as more 
features are necessary to explain the hourly variability of 
the energy production under different meteorological 
scenarios. Eight of these ten features are remote weather 
variables, and two of them were retrieved from the 
MERRA 2 reanalysis database. 
  
It is worth noting that temperature, relative humidity and 
particulate matter concentration are needed to have better 
results in the hourly prediction, all of them being variables 
that directly affect the performance of the solar panels, as 
mentioned before. However, these features resulted in not 
being important for the daily prediction. 
 
 
5. Conclusions 

 
In this study, we aimed to assess how a set of feature 
variables of different nature (remote weather 
measurements, reanalysis and remote sensing from 
satellites) contributes to predict the energy productivity of 
a solar plant in a daily and hourly basis, for a site located 
in a region where African dust outbreaks frequently occur, 
using the RF algorithm. For both daily and hourly 
predictions, we did not find any satellite measurement 
which improved our model. The RF model needed more 
features to reach the best results in the case of the hourly 
prediction (10 features) in contrast with the daily 
prediction (4 features). In both cases, the accuracy of the 
model is above 95%, and the correlation coefficient 
between the actual and predicted energy production values 
is over 0.8. 
 
The African dust concentration resulted important for the 
model only in the case of the hourly predictions. This is 
also the case of the relative humidity, wind direction and 
temperature. An analysis of the performance of RF for 
daily PV power production predictions should be done 
with more African dust episodes to discard the effect of 
only having one episode in our daily results. Also, PM10 
and PM2.5 in-situ measurements, which are easy to obtain 
with low-cost sensors, should be included as feature 
variables. Some features related to solar radiation, as it 
was expected, were the most important for both daily and 
hourly models. 

 
Although we did not use in-situ meteorological data, the 
remote meteorological data available from the nearest 
airport, 6.7 km away from our study site, has been proved 
to be suitable to describe the meteorological conditions 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 productivity of a 
solar plant in a site affected by different meteorological 
conditions, including African dust intrusions, even using 
short datasets of non in-situ meteorological data. 
 
Considering the outcomes and limitations of our study, 
future research directions could include forecasting using 
an extended time series that captures multiple African 
dust intrusion events, using PM10 and PM2.5 data 
obtained from properly calibrated low-cost sensors. 
Furthermore, the study could be replicated using different 
machine learning models to compare their results and to 
determine which one performs best, with an emphasis on 
hyperparameter optimization to improve its predictive 
performance. 
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