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Abstract

This study explores the solar resources of the state of Rio Grande do Norte (RN), located in northeastern
Brazil, with the aim of characterizing solar energy availability. Data were obtained from the Brazilian Solar
Energy Atlas, and a simulation was performed using the Weather Research and Forecasting (WRF) model
for this type of application, WRF-Solar. The Atlas data were divided into 502 observation points, with an
irradiation value assigned to each geographic coordinate. Bilinear interpolation was performed using the
simulation results. In the cluster analysis, the hierarchical type with Euclidean distance was selected, and the
silhouette method indicated that two clusters provided the best fit. The monthly results for irradiation suggest
the existence of two groups with similar behavior throughout RN. The BIAS results indicate high reliability
for the first quarter of the year for cluster 2 and excellent spatial variability of the WRF-Solar cluster groups
in relation to the Atlas data.
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1. Introduction

The Brazilian potential was distributed through studies with heliographic and meteorological stations (Tiba
et al., 2002). Brazil has a privileged location regarding available natural resources, notably its solar radiation
(Pereira et al., 2020) and photovoltaic potential, which also links to the potential for producing new sources
like hydrogen from renewable energy (Solano and Affonso, 2025).

As a result, Brazil's clean energy matrix is more prominent than the global one. In September 2025 alone, the
expansion in the sector reached 1.4 GW from renewable sources, totaling 17 solar power plants and adding
up to 934.72 MW, according to the National Electric Energy Agency (ANEEL, 2025).

Rio Grande do Norte (RN) is one of the states in Brazil's Northeast Region (NEB), featuring many hours of
daily sunshine. Areas with high daily insolation rates are the most suitable for solar energy utilization as a
mitigation and adaptation strategy. To characterize and classify the available monthly resource, the study
aims to present the spatial distribution of the resource for each group.

Studies show Fovell e Fovell (1993) the clustering of the United States into approximately 14 clusters, which
partitions its climatic zones. Mimmack, Mason and Galpin (2001) aimed to define regions with common
precipitation regimes, utilizing Southern Africa for clustering regionalization, demonstrating two forms of
grouping: using distances like Euclidean (shortest distance between two points) and Mahalanobis (high
correlation). As studies reveal similarities and differences to provide relevant information about each group,
the application of multivariate methods yields significant results for data classification.
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2. Materials and Methods

2.1 Study area

The study area encompasses two different climates: the semi-arid part of Brazil's Northeast Region (NEB),
identified as BSh, and the humid tropical climate (Aw), according to the Koppen classification Alvarez et al.
(2013). The NEB region has high potential year-round, showing a more linear resource compared to other
Brazilian regions (Martins et al., 2008). Solarimetric resource assessment studies require quality
observational data campaigns to enable all types of forecasts, both statistical and numerical techniques,
which are better trained with reliable data.
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Figure 1: Climate in the state of Rio Grande do Norte.

2.2. Typical Meteorological Year

With the aim of representing the year that most closely approximates the long-term average climatic
conditions for a specific variable of interest, The Typical Meteorological Year (TMY) is a multivariate
statistical method that combines data from different meteorological variables. To this end, typical years for
Global Horizontal Irradiance (G) were estimated using the National Renewable Energy Laboratory (NREL)
platform (Sengupta et al., 2014, 2018). For March and September, where no observed data were available, an
average was calculated across all available years.

2.3.1 Atlas Database

Monthly averages of total daily irradiation in Wh/m? per day with spatial resolution of 0.1° x 0.1°
(approximately 10 km x 10 km) provided by the Modeling Laboratory, Renewable Energy Resources Studies
(LABREN) and the Earth System Science Center (CCST) and National Institute for Space Research (INPE)
— Brazil, through the Brazilian Solar Energy Atlas — Database (Martins et al. 2017). The data were qualified
and had as input conditions approximately 17 years of satellite images validated by the solarimetric stations
of the Environmental Data Organization System Network (SONDA), also from INPE, and included data
from the entire available database of the National Institute of Meteorology (INMET) for the application
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process to the Brazil — SR model. Qualification tests were applied in physical tests, temporal variations,
intercomparison between observations and numerical models of clear skies in order to remove data
considered suspicious. The Atlas data for the state of RN were collected and added up to approximately 502
points, each with the specific latitude and longitude of each location, complying with the spatial resolution
standard.

2.3.2 Observational Database

The data from the National Institute of Meteorology (INMET) database were calculated at hourly intervals
for Global Radiation for each of the typical years calculated according to Table 1 and converted into units of
kWh/m? per day. The reference observation station was Mossord, RN (5° 11" 16" S, 37° 20’ 38" W), a
municipality with a BSh climate in Rio Grande do Norte. Due to the predominance of the climate in the
municipality, it was convenient to use it for modeling parameters, such as the typical meteorological year.

Table 1: Typical Meteorological Year

Month January | February March April May June
TMY 2008 2017 1999 2021 2021 2013

Month July August | September October November | December
™Y 2013 2018 2018 2013 1998 2020

2.3.3 Reanalysis ERA-5

The reanalysis data are essential variables for model initialization and were selected from the European
Centre for Medium-Range Weather Forecasts (ECMWF) ERA-5 hourly data set for atmospheric pressure,
relative humidity, u and v components of wind speed at 10 meters, and air temperature at 2 meters (Hersbach
et al., 2020).

2.4 WRF Modeling

The model used in this study was the mesoscale Weather Research and Forecasting (WRF) model from the
National Oceanic and Atmospheric Administration (NCAR), mainly in its solar version, WRF-Solar
(Skamarock et al., 2021; Jimenez et al., 2016). WRF-Solar has features that serve the solar industry,
incorporating improvements and the inclusion of other solar components. The simulation was conducted with
100 points to the east and west and 106 points between north and south. Thus, the model has been used in a
variety of studies that demonstrate its ability to simulate G (Vieiraa et al., 2020; Da Silva Ramos et al,,
2025).

2.4 Parameterizations

Emiliavaca et al., 2024 uses some parameterizations for the study area comprising RN, comparing two
parameterizations in the dry and rainy seasons, the best parameters, and based on the results obtained, the
parameterizations selected for microphysics were Single-Moment 5-class, for Grell 3D Grell and Devenyi
(2002) clouds , in the planetary boundary layer Mynn 2.5 TKE (Janjic, 1994; Mesinger, 1993), for soil the
Noah model NIU et al. (2011) and shortwave and longwave parameterizations with the Rapid Radiative
Transfer Model for Global Climate (RRTMG) Iacono et al. (2008).

2.4.2 WREF Post-processing

The study facilitated the obtaining of the best parameterizations for the region, requiring less time to perform
sensitivity tests. The results are based on hourly outputs, with the first 6 hours of simulations removed to use
only results with the most stable and reliable model. The model results are hourly and were subsequently
integrated into monthly values so that the values can be compared. For the INMET reference weather station,
the error values are shown in the following table. Metrics such as correlation (r), which helps explain the
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model in relation to observational data, are essential to show consistency with the simulated data. In addition,
the root mean square error (RMSE) metric facilitates understanding of the best results found. Thus, the best
correlation values (r) were in February and March, and the same is true for the RMSE metric.

Table 2: Error metrics for Mossor6 (RN).

Month January | February March April May June
RMSE 97,8 75,2 77,1 107,1 85,4 79,9

r 0,95 0,97 0,97 0,94 0,95 0,96
Month July August | September October November | December
RMSE 85,0 97,9 120,4 90,2 107 118,2

r 0,95 0,94 0,96 0,96 0,95 0,95

2.5 Cluster analysis for both spatial data

Despotovic et al. (2024) clustered weather stations in Spain into clusters for locations lacking long historical
time series, with the aim of spatializing irradiance data (G). Based on this premise, spatial datasets such as
BRASIL-SR model enable the comparison and clustering of points to provide information in regions lacking
sensors. In this study, following the simulations and post-processing of the WRF-Solar model, the G data
were interpolated to the grid points of the BRASIL-SR model.

In this study, following the WRF-Solar simulations and post-processing, G data were mapped onto the
BRASIL-SR grid points via bilinear interpolation. Subsequently, cluster analysis was applied to both
datasets; based on the silhouette plot, two groups were identified as the most representative for the spatial
data. Consequently, cluster analysis was then applied to both sets of points from the models (BRASIL-SR
and WRF-Solar), and the results were compared spatially and through silhouette plot analysis, which
indicated that clustering into two groups most effectively represents the modeled data.

All data were aggregated into a representative monthly average for each point; after characterizing the
groups, a monthly average was calculated for the groups of each model and compared.

2.6 Selecting the number of clusters

According to Rousseeuw (1987), the method that best indicates the number of clusters and the quality of
clustering is the silhouette (S), which ranges from -1 to 1, where | represents the best fit and -1 the worst.
Thus, using the value of S, it is possible to determine a representative number of groups, as shown in the
following equation.

-1<5<1 (eq. 1)

Based on the analysis of the dendrogram results using Ward's clustering method, it was possible to define the
quality of the fit and the number of cluster groups Hervada-Sala e Jarauta-Bragulat (2004). The Figure 2
illustrates the distribution of S values in histograms. Analysis showed that the greater the number of groups,
the poorer the fit; for this reason, and because the number of groups with an S value closest to 1 was two, this
choice was made.
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Figure 2: Distribution of silhouette values from Atlas data, according to the number of clusters.
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The data were divided into 502 points according to the geographic coordinates of the atlas data points. For
each month, a G value was assigned, and in the post-processing modeling data (WRF-Solar), a bilinear
interpolation was performed for each coordinate point.

3. Results and Discussion

The study identifies the modeling results as effective in estimating the spatial distribution of the G for the

state of RN, even with the accuracy of the simulation performed for an observational station point in RN.

The best performance was in cluster 2, where the silhouette value was most consistent with the dataset, with
S equal to 0.44 for the Brazil-SR data and 0.63 for the modeling results with WRF-Solar. The silhouette
value is consistent with other analyses, that indicate a value of 0.5 as ideal for group classification

(Govender et al., 2018).
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Figure 3: Spatial distribution according to k = 2 and annual cycle of G. Source: Solar Atlas INPE (2017)
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Figure 4: Spatial distribution according to k =2 and the annual cycle of the G measured by the WRF-Solar model.

According to Figures 3 and 4, the spatial distribution of the clusters is very similar, indicating that the
validated and measured data are consistent with the simulation results. Even though the climate of the
central region of RN is semi-arid, the distribution of G throughout the year indicates that only the eastern
coastal portion has lower values compared to other portions of the state.

Regarding error analysis, the underestimation of BIAS, on average, each month, there is a difference of 0.2
kWh/m?day for the second cluster and a monthly average difference of 1 kWh/m?/day for the first cluster
in relation to the Atlas data. The largest error in cluster 1 occurred in September and October, with a
difference of 1.4 kWh/m*day, and the smallest between March and May. For the second cluster, the
differences were smaller, reaching zero in the first quarter of the year, with underestimation values
throughout the months, the largest being in September, reaching 0.9 kWh/m?/day.

In cases of clear skies, WRF-Solar errors decrease significantly compared to intermittent days, thus this
factor has a greater influence than domains and resolutions (Prasad and Kay, 2020). As for the monthly
results of the simulations, clear and intermittent days are combined, thus the calculated error is acceptable.
Some studies perform simulations of global radiation in different seasons to demonstrate the uncertainties
associated with the simulations (Lu ef al., 2023), mainly because the correlation values are close to 0.9.

4. Conclusions

The study demonstrated that WRF-Solar is effective in estimating the spatial distribution of G for the state of
RN, even with a simulation performed predominantly from the semi-arid region. The best performance
occurred in cluster 2, mainly in the summer (DJFM), while the best performance of cluster 1 was in the
period from March to May. The differences highlight the importance of reliability in some months and the
quantification of errors in other times of the year, such as summer, which has maximum irradiation mainly in
the semi-arid climate present in the state of Rio Grande do Norte and achieves a high-level result through the
WRF-Solar model.

Several studies indicate the uncertainties quantified in numerical models Chen (2021), but the objective of
the study involved the spatial classification of the resource and the predictive ability of the model. The
practical implications of these results for solar energy projects in RN are the availability of the resource
throughout the months and similarity in some parts of the state.
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