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A B S T R A C T R E S U M O
Although the use of photovoltaic (PV) energy is a well-established
strategy for the energy transition and climate change mitigation
through the reduction of CO2 emissions, the literature lacks studies
that integrate real-world field operation data with atmospheric
models to map generation potential in the region. Power generation
efficiency is directly influenced by the inherent characteristics of PV
systems and by installation losses, variables quantified by the Per-
formance Ratio (PR). Considering this, the current study investigates
the direct influence of meteorological variables and soiling on sys-
tem efficiency. The results indicate high operational performance,
with an average PR exceeding 80%. Statistical analysis revealed that
the correlations of PR with solar radiation and air temperature are
negative (−0.76 and −0.74, respectively). In contrast, relative humid-
ity and precipitation exhibited moderate positive correlations (0.52
and 0.46–0.48, respectively), highlighting the efficiency gains gener-
ated by the cooling and natural cleaning of the modules. Using linear
and multiple linear regression, an equation was developed to repre-
sent PV output. Applying this equation to the output data from the
WRF-Solar atmospheric model allowed for the spatialization of PV
potential. The mapping revealed a potential ranging from 2.4 kWh/
kWp to 4.8 kWh/kWp in Alagoas, providing a robust methodological
tool for local energy planning.
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Embora a utilização da energia fotovoltaica (PV) seja uma estratégia
consolidada para a transição energética e a mitigação das mudanças
climáticas por meio da redução das emissões de CO2, a literatura ca-
rece de estudos que integrem dados reais de operação em campo a
modelos atmosféricos para mapear o potencial de geração na re-
gião. A eficiência da geração de energia é diretamente influenciada
pelas características inerentes aos sistemas fotovoltaicos e pelas
perdas de instalação, variáveis quantificadas pela Taxa de Desempe-
nho (Performance Ratio - PR). Diante disso, este trabalho investiga a
influência direta de variáveis meteorológicas e da sujidade na efi-
ciência do sistema. Os resultados indicam um alto desempenho ope-
racional, com PR médio superior a 80%. A análise estatística revelou
que as correlações do PR com a radiação solar e a temperatura do ar
apresentam correlação negativa (−0,76 e −0,74, respectivamente).
Em contrapartida, a umidade relativa e a precipitação exibiram cor-
relações positivas moderadas (0,52 e 0,46–0,48, respectivamente),
evidenciando os ganhos de eficiência gerados pelo resfriamento e
pela limpeza natural dos módulos. Por meio de regressão linear e
regressão linear múltipla, foi obtida uma equação para representar a
produção fotovoltaica. A aplicação desta equação aos dados de
saída do modelo atmosférico WRF-Solar permitiu a espacialização
do potencial fotovoltaico. O mapeamento revelou um potencial vari-
ando de 2,4 kWh/kWp e 4,8 kWh/kWp em Alagoas, oferecendo uma
ferramenta metodológica robusta para o planejamento energético
local.

Palavras-chave: energia fotovoltaica; taxa de desempenho; regres-
são linear.
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Introduction
The growing global demand for energy is closely linked to eco-

nomic growth, particularly through key sectors such as industry,
commerce, agriculture, and residential consumption. This demand
has been further intensified by the rapid expansion of urban centers
and the growing adoption of electric vehicles (EVs). Although the
transition from internal combustion engine vehicles to EVs offers po-
tential environmental benefits, the sustainability of this shift depends
on the availability of renewable energy sources. Among these, solar
energy stands out for its abundance, renewability, and sustainability
(Rubbi et al., 2020).

In Brazil, renewable sources dominate the electricity mix, with
hydropower accounting for 58.9%, followed by wind (13.2%) and
solar (7%). According to the 2024 National Energy Balance (BEN),
photovoltaic (PV) energy showed the highest growth rate, increasing
by 68.1% between 2022 and 2024, driven mainly by residential solar
installations. The Northeast region of Brazil (NEB) accounts for 62%
of the country’s installed solar capacity, making it Brazil’s leading
producer of PV energy. However, the state of Alagoas, the focus of
this study, contributes only 4.86% of the national total, indicating sig-
nificant potential for expansion. Findings by Pereira et al. (2017)
highlight that NEB has high solar potential, with minimal annual
variability in global solar radiation, ensuring greater stability in en-
ergy production.

A critical aspect of solar energy deployment is the accurate assess-
ment of solar resources. Ideally, high-quality local measurements of
solar radiation provide the most reliable basis for evaluating energy po-
tential and determining the financial viability of large-scale projects.
However, these measurements are often limited in terms of temporal
and spatial coverage. As an alternative, pre-existing irradiance datasets
derived from satellites or atmospheric models can be used. In recent
years, satellite-based techniques have been increasingly used to esti-
mate surface solar irradiance, yielding reasonable accuracy (Pereira
et al., 2017; Letu et al., 2020; Vamvakas et al., 2020). However, solar ir-
radiance data alone do not fully meet the needs of energy system oper-
ators, since actual production depends on various operational and en-
vironmental factors. Therefore, integrating meteorological data with
energy performance models is essential to optimize system efficiency
and improve forecast accuracy (Oliveira Silva et al., 2024).

Given the high capital investment associated with installing PV
systems, it is essential to maximize energy production. The Perfor-
mance Ratio (PR) is a widely used metric for evaluating the actual ef-
ficiency of PV installations relative to their nominal capacity (Ben-
touba et al., 2021). PR calculations, as standardized by IEC 61724-1,
use daily or monthly data to assess performance. Although manufac-
turers guarantee the performance limits of the panels, actual energy
production can vary due to environmental factors. For example, an
increase in module temperature reduces efficiency, while soiling ac-
cumulation decreases light absorption and shortens the service life of

the panels (Sharma et al., 2024). Additionally, installation issues, such
as suboptimal tilt angles, inadequate cabling, and low-quality invert-
ers, can impair performance. On the other hand, natural ventilation
can increase efficiency by reducing module temperatures. Under-
standing and mitigating these factors is essential to ensure that the
panels operate at maximum efficiency (Shaik et al., 2023).

In light of this, the study aims to quantify the PR of an actual
small-scale PV power plant in Alagoas and investigate the influence
of meteorological variables on energy production. As an extension of
this analysis, equations are proposed to enable the mapping of the
state’s PV potential.

Methodology

Study area and data

Located in the NEB, the state of Alagoas is divided into three
main mesoregions based on precipitation patterns: the East (coastal
region), Agreste, and Sertão. An analysis of the average annual accu-
mulated precipitation between 2002 and 2022, conducted using data
from the Center for Weather Forecasting and Climate Studies
(CPTEC) MERGE product, made it possible to map the spatial vari-
ability of rainfall, a key factor in PV power generation (since cloud
cover reduces the amount of solar radiation). Rainfall distribution in
the state shows a clear gradient: the East receives the highest volumes
(1,000 to 1,800 mm annually), followed by agreste, a subhumid zone
(800 to 1,000 mm) where rainfall is driven by the orographic effect of
the Borborema Plateau. In contrast, Sertão is the driest region, with a
slight increase in rainfall only in the higher-elevation areas in the far
west (Figure 1).

Photovoltaic performance indicators

Table 1 presents the parameters used to evaluate the performance
of the PV system, as defined by the International Energy Agency (IEA
PVPS, 2014). These performance metrics are widely used in the liter-
ature to compare PV systems with different configurations, designs,
and conversion technologies around the world (Oliveira Gonzalez
and Martins, 2024).

The reference yield (Yr, Equation 1) quantifies the system’s po-
tential energy production by comparing the solar irradiation incident
on the module surface (Hi) with the reference irradiance under Stan-
dard Test Conditions (GSTC = 1,000 W/m2). The calculation of the
reference yield follows IEC 61724-1, while the Standard Test Condi-
tions are defined in IEC 60904-3. The final yield (Yf, Equation 2), or
system yield, is the ratio between the alternating current (AC), energy
output (Eac) and the nominal power (P0) of the PV system, represent-
ing the equivalent number of hours the system operates at full capac-
ity. The PR (Equation 3) is a widely accepted metric for evaluating
the efficiency of grid-connected PV systems, incorporating optical,
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thermal, and electrical losses to provide a normalized measure of sys-
tem performance relative to available solar energy.

Automatic weather station (AWS)

To evaluate the efficiency of the PV system, an Automatic
Weather Station (AWS) was installed near the system to assess the
influence of weather conditions (solar radiation, air temperature, rel-
ative humidity, wind speed and direction, and precipitation) on en-
ergy production. All meteorological sensors were mounted 1.5 m
above the height of the solar panels and microinverters, with the rain
gauge positioned at the same level. For reference, the roof of the pilot
residence is 2.30 m high. The data acquisition and management sys-
tem used was the Campbell CR800, which took measurements at 10-
minute intervals; these were subsequently aggregated and analyzed at
one-hour intervals during the study period, from March 10, 2024, to
August 9, 2024. For logistical reasons, rain-gauge measurements

began one month later, and to complete the data series, the database
from the National Institute of Meteorology (INMET A303), located
at latitude -9.55° and longitude -35.77°, was used. The straight-line
distance between the two stations is less than 5 km, a range within
which the data are considered valid according to the guidelines of the
World Meteorological Organization (WMO).

Atmospheric transmittance

Atmospheric transmittance (Kt) represents the fraction of solar ra-
diation that reaches the Earth’s surface, taking into account the attenu-
ation caused by cloud cover and airborne particles. A Kt value less than
1 indicates increased atmospheric turbidity, which means a greater re-
duction in the solar radiation reaching the surface. On the other hand,
a Kt value closer to 1 suggests minimal attenuation, where radiation
levels at the surface are very similar to those in the upper atmosphere.
The equation for Kt is defined as follows (Equation 4):

Figure 1 – (A) Spatial distribution of the domains used in the study simulations (D01 and D02); (B) study area; (C) annual mean accumulated pre-
cipitation between 2002 and 2022 based on the MERGE-CPTEC dataset; and (D) characterization of the Automatic Weather Station (AWS) and the
panels.

Table 1 – Metrics used to evaluate the performance of the PV.

Metrics Equation Unit

Reference yield (Yr) Yr = Hi/Gstc (1) kWh/kWp

Final yield Yf = Eac/P0 (2) kWh/kWp

Performance Ratio PR = (Yf × 100)/Yr (3) %
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(4)

Where Kt is the ratio of the total solar radiation reaching the sur-
face in W/m2 (Rg) to that reaching the top of the atmosphere, which
is approximately 1367 W/m2 (Ra). The result indicates how much
total solar radiation actually reaches the surface.

Linear regression and multiple linear regression
In this study, linear regression (Equation 5) and multiple linear

regression (Equation 6) were implemented using the sklearn library,
one of the most popular machine learning libraries in Python.

(5)

Where y is the output (target value) of the model, x represents the
independent variable of the model, b0 is the intercept of the line, and
b1 is the coefficient of the regression model, which indicates the slope
of the line.

(6)

Where y is the model’s output (target); [x1, x2, ..., xn] represent the
model’s independent variables; and [b1, b2, ..., bn] are the coefficients
of the regression model.

Statistical metrics
Pearson’s correlation coefficient (r), calculated using Equation 7,

was used to quantify the linear correlation between PR and each of
the meteorological variables. In this equation, xi and yi represent the
individual observations of variables X and Y, respectively, while x and
y represent the sample means of X and Y, respectively. The symbol ∑
indicates the summation of observations, ranging from i=1 to n,
where n corresponds to the total number of observations (Yu and
Hutson, 2024). The equation is defined as:

(7)

Other statistical metrics were calculated at this stage to assess the
dispersion and correlation between the observed and estimated pro-
ductivity data, including the mean error (bias) and the root mean
square error (RMSE) (Paz-Ruza et al., 2025), as described in Equa-
tions 8 and 9, respectively:

(8)

(9)

Atmospheric model (WRF)
The Weather Research and Forecasting (WRF) atmospheric

model is a mesoscale numerical model used for weather forecasting
and simulation, developed by the National Center for Atmospheric
Research (NCAR). The version used in this study was created specifi-
cally to meet the needs of the solar energy sector and is called WRF-
Solar (version 4.5). The simulation period runs from the beginning of
March 10 to August 9, 2024, to cover the observation period. The pa-
rameterizations were selected based on previous tests, in which the
Pearson correlation, bias and RMSE of each parameterization were
compared with global solar radiation data; those that yielded the best
results were chosen (Table 2).

In addition, the input data used to perform the simulations were
the series produced by the National Centers for Environmental Predic-
tion (NCEP) – Final Analysis (FNL) – with a spatial resolution of 1° ×
1° (approximately 111 × 111 km) and a temporal resolution of 6 hours

NASA-POWER database
The database known as NASA-POWER (Prediction of World-

wide Energy Resources) is an improved and more comprehensive
version of the former Surface Meteorology and Solar Energy suite of
products and services developed by NASA. This tool provides various
openly available meteorological variables, such as precipitation, sur-
face temperature, solar radiation, wind speed, relative humidity, and

Table 2 – Configuration and parameterization schemes used in WRF-Solar.

WRF Parameters

Microphysics WSM6 (6-class, with hail) (Hong and Lim, 2006)

Cumulus Grell-Freitas ensemble (Grell and Freitas, 2014)

Shortwave/longwave radiation RRTMG (Iacono et al., 2008)

Surface boundary layer Monin-Obukhov (Monin and Obukhov, 1954)

Planetary boundary layer Mellor-Yamada-Janjic (Janjić, 1994)

Earth’s surface model NOAH LSM (Chen and Dudhia, 2001)
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atmospheric pressure, and serves as an important data source for an-
alyzing renewable energy resources on a global scale with a spatial
resolution of 0.5°.

The NASA-POWER project is available at https://power.larc.
nasa.gov/data-access viewer/, with a data period ranging from 1983 to
the present. This database features a robust and up-to-date dataset,
with hourly, daily, monthly, annual, and climatological time scales,
enabling the analysis of trends, climate patterns, and variations in
solar resources over decades.

Results and discussion

Relationship between PR and meteorological variables
This section presents evidence of PV generation efficiency and

the relationship between meteorological variables and production.
The Sertão region stood out, particularly the village of Poço Branco
(Mata Grande), due to its low variability in solar irradiance, which
promotes stable generation. According to the Solarimetric Atlas of
the State of Alagoas (Eletrobras, 2008), solar irradiance in the area
reached monthly averages ranging from 3.61 kWh/m2/day in winter
to 5.11 kWh/m2/day in summer. In the present study, the accumu-
lated daily average was 4.8 kWh/m2/day. To ensure an independent
analysis of the number and power of the panels, the data were nor-
malized, revealing an average yield of 3.44 kWh/kWp and an average
PR of 88.68%, indicating high operational efficiency. These results
confirm the technical feasibility of distributed generation in the state,
aligning with levels reported in the literature. For comparison,
Oliveira Gonzalez and Martins (2024) recorded an average PR of
89.8% in Santos, São Paulo, under humid tropical conditions;
Herbazi et al. (2022) observed 80.29% in Tangier (Morocco) under a
semi-arid climate; and Alnaser (2023) found PR values ranging from
65.6% to 75.1%, with a yield of 3.82 kWh/kWp, in Bahrain.

Despite the high overall performance, significant variations asso-
ciated with meteorological variables were observed (Table 3 and fig-
ure 2), corroborating the findings of Casula et al. (2020), who re-
ported lower PR values at the beginning of the time series, a period
coinciding with drought and high temperatures. Solar irradiance (av-
erage of 4.17 kWh/m2/day) and air temperature (average of 26.3 °C)
showed an inverse correlation with PR, confirming the negative im-
pact of these variables. High temperatures can accelerate the degrada-
tion of electronic components when operating temperatures exceed
the standard test conditions (STC), increasing conversion losses in
the inverter and reducing module efficiency (Lima et al., 2023). Al-

though Hashim and Hassan (2022) suggest that high irradiance may
offset thermal effects in arid climates, in this study, the combination
of high irradiance and high temperatures resulted in a reduction in
PR, since high irradiance raises the operating temperature and ther-
mal stress on the modules, as also observed by Al-Ghezi et al. (2022).
In addition, the influence of Aerosol Optical Depth (AOD) was evi-
denced by the high correlation between the Kt index and global solar
radiation (0.90). These factors, combined with cloud cover and soil-
ing accumulation, severely affect system performance (Fatima et al.,
2024). More broadly, Bamisile et al. (2025) point out that losses in PV
generation are primarily associated with climatic variations and sys-
tem degradation.

In contrast, during the rainy season in the study area, which oc-
curred from April to July (Silva Junior et al., 2022) and is associated
with increased cloud cover, the highest PR values were recorded. This
indicates that relative humidity and precipitation are positively corre-
lated with increased efficiency (r = 0.52 and r = 0.46 to 0.48, respec-
tively). A combined interpretation of these data suggests that precipita-
tion and mild temperatures contributed to the cooling and natural
cleaning of the PV modules. Although high humidity could theoretically
facilitate the accumulation of sooiling (Gholami et al., 2023) and accel-
erate long-term degradation (Farou et al., 2025), the positive correlation
of 0.52 demonstrates that the immediate benefits of cooling and clean-
ing outweigh the negative effects of humidity in the analyzed region.

Finally, wind speed positively influences the system by contribut-
ing to the cooling of the panels through increased ventilation (Hu
et al., 2022) and aiding in the natural removal of dust. The effective-
ness of reducing energy losses depends on the size of airborne aerosol
particles, topography, and humidity (Stankov et al., 2024). Local in-
teractions reveal that, even in high humidity scenarios, stronger
winds are directly associated with greater efficiency in removing soil-
ing adhered to the panels.

Estimated electricity generation
Since the sizes of PV systems vary depending on customers’ pur-

chasing power and the available area on the roof or property, the
power output of each system was normalized according to its in-
stalled capacity before applying the regression methods. This normal-
ization ensures that all values and errors are independent of system
size, allowing for a direct comparison between meteorological vari-
ables and energy production efficiency. Based on this approach, two
predictive equations were developed: one using the Linear Regression
method (Equation 10) and the other using Multiple Linear Regres-

Table 3 – Pearson’s correlation between PR and meteorological variables, where: Ir – Solar irradiance, At – Air temperature, Ws – Wind speed, Rh –
Relative humidity, Prec - Precipitation and Kt – Atmospheric transmittance (per hour) from March 10, 2024, to August 9, 2024.

Ir At Ws Rh Prec Kt

AWS −0.76 −0.74 −0.2 0.52 0.48 −0.68

INMET - - - - 0.46 -
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sion (Equation 11). These models were derived from an analysis of
the micro-power plant’s solar energy production in relation to mete-
orological data from the AWS.

Where, in Equations 10 and 11, Ir represents solar irradiance
(kWh/m2·day), Ws represents wind speed at 10 meters (m/s), At rep-
resents air temperature at 2 meters (°C), Rh represents relative hu-
midity (%), and Prec represents precipitation (mm). PV productivity
is primarily influenced by solar irradiance, while air temperature
plays a crucial role in determining efficiency. Wind speed helps regu-
late module temperature, improving system performance through
cooling. The accuracy of performance estimates depends on the qual-
ity and representativeness of the dataset, making consistent data that
capture temporal variations essential to improving model reliability.

Figure 3 compares the productivity recorded by the small-scale
PV plant (black line) with the estimates from the Linear Regression

(LR, green line) and Multiple Linear Regression (MLR, red line)
models. The results indicate that the LR overestimates solar energy
production, while the MLR provides more accurate estimates. This
discrepancy arises because the LR considers only solar radiation, as-
suming maximum system efficiency, whereas the MLR takes into ac-
count additional factors such as high temperatures, reduced wind
speed, and low relative humidity, which negatively affect perfor-
mance. These conditions lead to cable heating, reduced power trans-
mission, and decreased microinverter efficiency, especially when
module temperatures approach the manufacturer’s limits (65 °C to 85
°C). Furthermore, soiling accumulation on the panels and the solar
radiation sensor can further affect system performance. This high-
lights the importance of incorporating multiple variables into predic-
tive models, given that soiling was not physically measured but
merely analyzed via Kt.

Figure 2 – Relationship between meteorological variables (solar radiation, temperature, relative humidity, wind speed, precipitation from the
INMET station, and precipitation from the AWS) and PR, based on daily average values from March 10, 2024, to August 9, 2024.

Yf = 2.2 Ir + 0.837 (10)

Yf = 0.777 Ir − 0.0002 Ws − 0.0517 At − 0.006 Rh − 0.0011 Prec + 2.414 (11)
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Figure 4 shows the scatter plot and statistical metrics comparing
estimated productivity with observed energy production. Both mod-
els closely follow the performance trends, but the MLR model
demonstrates superior accuracy, with a near-perfect correlation (r =
0.97), minimal bias (0.08), and a root mean square error (RMSE) of
0.17, indicating a highly reliable estimate. These results suggest that
MLR is the most suitable model for the spatial estimation of PV en-
ergy production when meteorological data are available. In scenarios
with limited access to measurements, LR remains a viable alternative,
albeit less accurate.

Solarimetric mapping
Based on established methods, simulations were conducted using

the WRF-Solar atmospheric model to spatially assess the solar poten-
tial of the state of Alagoas, incorporating adjustments derived from
the micro-power plant’s generation data and AWS measurements. To
assess the accuracy of the datasets, a statistical comparison was per-
formed between the NASA-POWER and WRF-Solar simulations
against the observed data. The analysis yielded correlation (r), bias,
and RMSE values, respectively: 0.88, 0.08 kWh/m2/day, and
0.89 kWh/m2/day for NASA-POWER, compared to 0.61, 0.11 kWh/
m2/day, and 0.82 kWh/m2/day for WRF-Solar.

Figure 3 – Comparison between observed and estimated productivity, where the green line represents Equation 10 derived from LR, while the red
line represents Equation 11 derived from MLR.

Figure 4 – Statistical metrics (correlation, bias, and RMSE) obtained from the micro-power plant measurements and resulting estimates from the
(A) LR and (B) MLR models.
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Although NASA-POWER demonstrated superior statistical per-
formance in point-wise temporal correlation, WRF-Solar's sensitivity
to high-frequency variability is expected during the rainy season, a
period when dynamical models often struggle to accurately simulate
transient cloud cover. Crucially, the NASA-POWER model relies on
a coarse 0.5° grid (approximately 55 km). This low spatial resolution
severely limits its ability to capture local meteorological systems, to-
pography, and land use, factors that heavily influence photovoltaic
(PV) energy generation, as demonstrated by Bamisile et al. (2025)
and illustrated in Figure 5. Therefore, despite the lower temporal cor-
relation, WRF-Solar’s high-resolution spatial representation strongly
justifies its use for mapping the regional solar potential of Alagoas.

As shown in Figure 5, the WRF-Solar estimates present irradi-
ance values consistent with those reported by Atsbeha et al. (2025),
who identified 5.5 kWh/m2/day in model estimates and 6.1 kWh/m2/
day in measured radiation as indicative of strong PV potential. These
results confirm the high solar energy potential of Alagoas, particu-
larly in the Sertão and Agreste regions. This availability is largely
driven by lower precipitation rates in these areas (as seen in Fig-

ure 1C), which are directly associated with reduced cloud cover and
the continentality effect. radiation.

Photovoltaic mapping
The PV map (Figure 6) was generated using estimates from the

MLR model (Equation 11), which showed the best statistical perfor-
mance. The Sertão region of Alagoas has the highest solar energy pro-
ductivity, consistent with its high levels of radiation, as shown in Fig-
ure 5. Consequently, this region has the greatest potential for PV
production. Lindig et al. (2021) note that production values of ap-
proximately 954.9 kWh/kWp/year, roughly 2.62 kWh/kWp/day, with
an annual average PR of 76.7%, are associated with good operational
performance under real-world conditions. Given these conditions,
the municipalities located in the Sertão region of the study area could
effectively contribute to solar power generation, since they achieve
values greater than 3 kWh/kWp/day. Logistical feasibility studies re-
main essential prior to large-scale installations.

Figure 5 – Solar irradiance map using the (A) NASA-POWER and (B) WRF-Solar models, highlighting the region with the highest irradiance index,
located near the village of Poço Branco in the municipality of Mata Grande.
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Conclusion

This study highlights the significant influence of meteorological
variables on the efficiency of solar energy production. Strong correla-
tions were observed between the PR and environmental factors such
as air temperature (−0.74), relative humidity (0.52), and solar irradi-
ance (−0.76). These results indicate that, although high irradiance in-
creases gross energy production, it also causes PV components to
overheat, leading to efficiency losses. In contrast, precipitation had a
positive effect on the PR (0.46 to 0.48), contributing to the natural
cooling and cleaning of the panels, which improves system perfor-
mance. Regarding the system design, the PV panel was installed at a
tilt angle of 8.53°, slightly below the ideal value based on the site’s lat-
itude (9.59°). Even so, the micro-power plant achieved solid opera-
tional results, with PR values above 85%, exceeding the 80% effi-
ciency guaranteed by the microinverter manufacturer. It is recom-
mended to adjust the tilt angle in future projects to further optimize
solar capture.

The analysis of atmospheric transmittance (Kt) confirmed that
PR does not depend exclusively on solar irradiance, but is strongly
influenced by temperature and operational inefficiencies. The two
proposed equations demonstrated high predictive accuracy. The

MLR model provided the most reliable estimates for the Alagoas re-
gion, while the LR model remains a viable tool in contexts where only
radiation data are available.

Mitigating energy losses, reflected in an increase in the PR, di-
rectly impacts the techno economic viability of PV systems. Under-
standing the dynamics among meteorological variables allows for the
optimization of system sizing. Such data provide scientific support
for the adoption of cooling technologies and guide financial plan-
ning, such as reducing the levelized cost of energy for distributed
generation in the state.

Finally, it should be acknowledged that the extrapolation of PV
potential for the entire state is based on the calibration of models
using data from a single micro-power plant over a five-month obser-
vation period. This spatial and temporal limitation restricts the ability
to capture the full range of seasonality, such as heat stress during the
peak of summer. However this study establishes a robust method-
ological framework and serves as proof of concept for solarimetric
mapping. For future research, we suggest expanding monitoring net-
works to include multiple operational plants distributed across the
East, Agreste, and Sertão regions, thereby enabling cross-validation of
the atmospheric model under different microclimates and technical
configurations.

Figure 6 – PV map of the state of Alagoas using the equation proposed by the MLR model.
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