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Métodos para aprimorar as estimativas de precipitação e temperatura  
do ar do NASA POWER para Araxá, MG
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ABSTRACT: The use of NASA POWER becomes particularly relevant in regions with limited access to ground-based 
meteorological data. This study aimed to evaluate the reliability of air temperature and precipitation estimates from NASA 
POWER by calibrating and validating them against data from the INMET meteorological station in the city of Araxá, Minas 
Gerais state, Brazil, using three methodologies and different temporal ranges. The calibration and validation methodologies 
compared were: (1) linear regression without a defined intercept on a monthly scale (1.0); (2) linear regression with a fixed 
intercept at the origin (0x, 0y) on a monthly scale (2.0); and (3) linear regression with a fixed intercept at the origin on a 
monthly scale (3.0). Monthly climatic data on air temperature and precipitation were utilized over a 40-years period, from 
1981 to 2020. Three-time ranges were tested for model calibration: 1981–2010 (30 years), 1981–1995 and 2006–2020 (30 
years), and 1986–2015 (30 years). Additionally, three-time ranges were used to validate the calibrated models: 2011–2020 
(10 years), 1996–2005 (10 years), and 1981–1985 and 2016–2020 (10 years). The selection of the temporal range influences 
the validation of the methodology. It is recommended to use values from the extremities of the time series for calibration 
and central data for validation. Furthermore, the NASA POWER tool can be considered a reliable alternative for estimating 
precipitation and mean monthly temperatures in locations lacking nearby meteorological stations.
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RESUMO: O uso do NASA POWER torna-se particularmente relevante em regiões com acesso limitado a dados 
meteorológicos terrestres. Este estudo teve como objetivo avaliar a confiabilidade das estimativas de temperatura do ar e 
precipitação fornecidos pelo NASA POWER por meio de calibração e validação com dados da estação meteorológica do 
INMET na cidade de Araxá, Minas Gerais, utilizando três metodologias e diferentes intervalos temporais. Foram comparadas 
metodologias para calibrações e validações sendo: 1 - Regressão linear sem interseção definida em escala mensal (1.0), 2 - 
Regressão linear com interseção fixa na origem (0x, 0y) em escala mensal (2.0) e 3 - Regressão linear com interseção fixa na 
origem em escala mensal (3.0). Foram utilizados dados climáticos mensais de temperatura do ar e precipitação pluviométrica, 
para um período de 40 anos, no período de 1981 até 2020. Foram testadas 3 faixas de tempo para calibração dos modelos 
de calibração, sendo: 1981-2010 (30 anos), 1981-1995 e 2006-2020 (30 anos) e 1986-2015 (30 anos). Adicionalmente, foram 
utilizadas três faixas de tempo para a validação dos modelos de calibração: 2011-2020 (10 anos), 1996 a 2005 (10 anos) e 
1981 a 1985 e 2016 a 2020 (10 anos). A seleção do intervalo temporal influencia a validação da metodologia. Recomenda-se 
utilizar valores das extremidades da série temporal para calibração e dados centrais para validação. Além disso, a ferramenta 
POWER da NASA pode ser considerada uma alternativa confiável para estimar a precipitação mensal e as temperaturas 
médias em locais sem estações meteorológicas próximas.
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NASA POWER estimates for Araxá, MG, Brazil, are statistically reliable. 
The selection of data within the historical series influences both calibration and validation. 
NASA POWER can serve as an alternative source in regions lacking meteorological stations.
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Introduction

The municip  ality of Araxá, located in the Alto Paranaíba 
region of the state of Minas Gerais, Brazil, within the Cerrado 
biome, stands out for its diversified economy encompassing 
tourism, mining, and agriculture. The climatic variability 
in the Cerrado, characterized by prolonged droughts 
and irregular rainfall, directly compromises agricultural 
productivity (Santos, 2019).

However, access to reliable climatic data is not a reality 
for all regions. The network of meteorological stations 
maintained by government agencies is sparse or nonexistent 
in several areas of Brazil and around the world, hindering 
continuous monitoring of climatic variables. In this context, 
the National Aeronautics and Space Administration’s 
Prediction of Worldwide Energy Resources (NASA POWER) 
satellite-based meteorological system has been widely used to 
estimate climatic and meteorological parameters (Rodrigues 
& Braga, 2021). 

Several studies have reported a strong correlation between 
NASA POWER data and measurements from meteorological 
stations, highlighting the reliability of this database in different 
regions. In Portugal, Rodrigues & Braga (2021) evaluated 
the performance of NASA POWER reanalysis products in 
estimating temperature, solar radiation, and relative air 
humidity, concluding that, despite minor discrepancies, 
the corrected data present satisfactory precision for use in 
climatic and agricultural analyses. 

In Brazil, NASA POWER was tested to estimate the 
Temperature-Humidity Index (THI), an essential indicator 
for assessing thermal stress in livestock. The results obtained 
by Carrara et al. (2023) demonstrated a strong correlation 
between NASA POWER estimates and data recorded by 
the Instituto Nacional de Meteorologia (INMET, National 
Institute of Meteorology), reinforcing the system’s potential 
as an alternative tool for climatic monitoring in the 
agricultural sector.

Beyond regional applications, the reliability of NASA 
POWER has been evaluated in climate change studies. 
Marzouk (2021) analyzed air temperature trends over 39 
years in the Al Buraimi region of Oman using historical 
NASA POWER data. The study indicated a significant 
increase in average temperatures and emphasized the 
database’s reliability as a tool for analyzing climatic trends, 
especially in areas with limited infrastructure for direct 
meteorological measurements. The authors observed that, 
with appropriate adjustments, NASA POWER can be an 
alternative for understanding climatic variations and their 
socioeconomic consequences.

Given these advantages, the use of NASA POWER 
becomes particularly relevant in regions with limited access 
to ground-based meteorological data. Its global coverage, 
continuous temporal availability, and ease of access make 
it a strategic tool for supporting agricultural planning, 
environmental monitoring, and climate risk assessment. 
Furthermore, integrating NASA POWER data with local 

observations enhances its applicability, enabling more robust 
analyses and contributing to decision-making in data-
scarce regions.

These studies suggest that NASA POWER can be a reliable 
source of meteorological data for various scientific and 
environmental applications. However, regional adjustments 
and calibration with local measurements are necessary 
to improve the accuracy of the results. This is because the 
database, its volume and temporal arrangement, and the 
methodology used for calibrations and validations, can all 
affect the final result.

This study aimed to evaluate the reliability of air 
temperature and precipitation estimates from NASA POWER 
by calibrating and validating with data from the INMET 
meteorological station in the municipality of Araxá, Minas 
Gerais state, Brazil, using three methodologies and different 
temporal ranges.

Material and Methods

The study was conducted in the municipality of Araxá, 
located in the Alto Paranaíba region of the state of Minas 
Gerais, Brazil, within the Cerrado biome (Figure 1). The 
climate is classified as Cwa, a subtropical climate with a hot, 
humid summer and a dry, mild winter (Beck et al., 2018). 
Araxá covers an area of 1,164.062 km² and is situated at an 
elevation of 1,018.3 m above sea level. The municipality 
hosts a Principal Climatological Station (ECP) operated by 
the National Institute of Meteorology (INMET), positioned 
at the geographic coordinates 19° 36′ 20.47″ S and 46° 56′ 
59.03″ W. For this study, the spatial grid coverage provided 
by the NASA POWER project for the specified location was 
approximately 2,918 km². 

Monthly air temperature and daily precipitation data were 
collected from January 1981 to December 2020, covering a 

Figure 1. Geographical location of the municipality of 
Araxá, Minas Gerais state, Brazil, highlighting the Principal 
Climatological Station (ECP) of INMET and the spatial 
coverage area of the NASA POWER grid of the INMET 
surface station in Araxá, Minas Gerais state, Brazil
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40-years period, corresponding to the geographical location. 
The monthly air temperature and daily precipitation data 
from the INMET meteorological station were considered 
the reference standard, while the NASA POWER data were 
used as an alternative source of meteorological information. 
From the 40-years historical series, 30 years were used for 
calibration and 10 years for validation, applying three 
different combinations of time periods (Table 1).

The INMET automatic meteorological stations collect 
data hourly, while conventional stations collect data three 
times a day. These data are received, analyzed, and forwarded 
to INMET headquarters in Brasília, DF, Brazil, where they 
are stored in an official database, processed, and transmitted 
via satellite to various parts of the world (INMET, 2025). 
The INMET database used in this study was sourced from a 
conventional station (INMET, 2025).

The POWER Project began in 2003 as an extension of the 
Surface Meteorology and Solar Energy (SSE) project, with 
the aim of providing meteorological data for applications 
in architecture, energy generation, and agrometeorology. 
The generation of final products provided by the NASA 

POWER project is based on assimilation models from the 
Global Modeling and Assimilation Office (GMAO), using 
the Modern-Era Retrospective Analysis for Research and 
Applications, Version 2 (MERRA-2), as well as the GEOS-
4 (Goddard Earth Observing System Model, Version 
4). MERRA-2 data span the period from 1981 to near-
real time, with a spatial resolution grid of 0.5° latitude 
by 0.5° longitude for meteorological variables (NASA 
POWER, 2025).

A greater number of missing data points were observed 
for the temperature variable at the INMET station in 1985, 
2018, 2019, and 2020, as shown in Table 2. NASA POWER 
data showed no missing values for any variable. To avoid 
inconsistencies when comparing with monthly NASA 
POWER records, data from NASA POWER corresponding 
to the same dates of INMET station gaps were also removed 
during the calibration and validation phases.

The performance of three climate datasets, “Original”, 
“1.0”, and “2.0”, was evaluated using statistical indicators of 
accuracy and correlation for the variables of monthly mean 
temperature (°C) and total monthly precipitation (mm). The 
analysis was conducted for three distinct periods: 1981–2010; 
1981–1995 + 2006–2020 (equivalent to a single period); and 
1986–2015, allowing both temporal and methodological 
comparisons among the models. During the calibration 
phase, model “3.0” was excluded from the descriptive 
statistical analyses due to its significantly lower number of 
observations, which results from monthly grouping. This 
reduction in data points would negatively affect performance 
metrics due to sample size limitations rather than deficiencies 
in the model itself.

Table 1. Description of the time period combinations, Araxá, 
MG, Brazil, 2025

Model Calibration Period Validation Period

1st 1981 - 2010 (30 years) 2011 - 2020 (10 years)

2nd
1981 - 1995 + 2006 - 2020 

(30 years)
1996 - 2005  
(10 years)

3rd
1986 - 2015  
(30 years)

1981 - 1985 + 2016 - 2020 
(10 years)

Table 2. Duration of the historical series, number of valid records, and data pairs of values from the INMET station and the 
NASA POWER platform (Araxá, MG, Brazil, 1981–2020)

Temperature (oC)

Temperature historical series No. of valid records1  No. of missing values2

1981 - 2020 - INMET 412 68

1981 - 2020 – NASA POWER 480 0

Precipitation (mm)

Precipitation historical series No. of valid records1  No. of missing values2

1981 - 2020 - INMET 465 15

1981 - 2020 – NASA POWER 480 0

No. of pairs of months INMET-NASA POWER

Calibration

Temperature historical series Temperature (°C) Precipitation (mm per month)

1981 - 2010 412 466

1981 - 1995 + 2006 - 2020 293 347

1986 - 2015 339 346

Validation

Precipitation historical series Temperature (°C) Precipitation (mm per month)

2011 - 2020 97 130

1981 - 1985 +1996 - 2005 119 120

2016 - 2020 73 106
1 - Valid records: Total number of months with data available in the historical series (40 years × 12 months = 480); 2 - Gaps: Missing or inconsistent data
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Three calibration methods were applied to adjust the 
NASA POWER data and make them more representative of 
the observed INMET data:

1st Method – Linear regression without a 
defined intercept on a monthly scale (Model 1.0): 
Simple linear regression between INMET and NASA POWER 
values was fitted with free intercept (a) and slope (b), without 
restriction of passing through the origin.

2nd Method – Linear regression with a fixed intercept 
at the origin (0,0) on a monthly scale (Model 2.0): Linear 
regression was fitted between INMET and NASA POWER 
values, imposing the restriction that the trend line passes 
through the origin of the graph.

3rd Method – Linear regression with a fixed intercept at 
the origin on a monthly scale (Model 3.0): Simple linear 
regression was applied between INMET and NASA POWER 
values (in the case of precipitation), with a specific adjustment 
for each month of the year, considering that discrepancies 
may be seasonal. For this purpose, individual correction 
factors were calculated for each month (e.g., January: factor 
a, February: factor b, March: factor c, and so on), aiming to 
minimize seasonal differences between the datasets.

To verify the effectiveness of the calibration methods, the 
equations derived from the calibration phase were validated 
using observed data from INMET and NASA POWER across 
three different period combinations (in addition to the 
original), generating three sets of simulated data—(2011–
2021), (1996–2005), and (1981 - 1985 + 2016 - 2020)—for 
each model: “Original”, “1.0”, “2.0”, and “3.0”.

The following statistical metrics were calculated to 
evaluate the performance of the calibration methods: (i) 
percent bias (PBIAS) – measures the average bias between 
simulated and observed values; (ii) root mean square deviation 
(RMSD) – expresses the average magnitude of the errors; (iii) 
relative error (RE); (iv) absolute error (AE); (v) correlation 
coefficient (r); and (vi) coefficient of determination (R²). The 
Excel program was used to perform the analyses and create 
the graphs.

Results and Discussion

In the first period (1981–2010), the temperature 
results indicate a slight underestimation by the “Original” 
model, with a PBIAS of –2.25%. In contrast, the adjusted 
models (“1.0” and “2.0”) (Table 3) showed more balanced 
performance, with PBIAS values very close to zero (0.22 and 
0.14%, respectively), indicating a better fit to the observed 
data. Regarding data precision, RMSD and AE values 
confirm the superior performance of the adjusted models: 
both exhibited lower deviations (RMSD of 0.60 and 0.81 for 
“1.0” and “2.0”, respectively, compared to 0.94 for the original 
model), reflecting simulations closer to the observed values. 
Relative error (RE) was also lower in the adjusted models, 
demonstrating greater efficiency. Correlation metrics (r 
and R²) were consistent across the three datasets, with high 

values (r ≈ 0.93 and R² ≈ 0.86) indicating a strong correlation 
between the simulated and observed data.

The results from this study align with those reported by 
Carrara et al. (2023), who observed high correlations for 
minimum temperature (r > 0.9) when comparing NASA 
POWER data with field observations. Similar results were also 
identified by Halimi et al. (2023) and Tayyeh & Mohammed 
(2023), reinforcing the stability of statistical indices across 
diverse climatic contexts.

Regarding precipitation, the overall performance of model 
1.0 was satisfactory, given the values of r and R². The original 
model exhibited an almost neutral BIAS (0.48%), while the 
adjusted models “1.0” and “2.0” showed slight overestimations 
(1.98 and 2.39%, respectively). The deviations and absolute 
errors (RMSD and AE) were relatively similar among the 
datasets; however, the “2.0” version demonstrated the highest 
correlation index (r = 0.97, R² = 0.95). This trend was also 
observed by Al-Kilani et al. (2021) and Kheyruri et al. (2023), 
who validated NASA POWER precipitation estimates and 
reported strong correlation coefficients, although they 
emphasized the importance of regional calibration for 
improved accuracy.

The adjusted models exhibited even more robust 
performance, particularly for temperature, in the period 
excluding the intermediate years of the historical series. 
Model “1.0” presented an almost negligible PBIAS (-0.04%), 
while “2.0” maintained a reduced BIAS (-0.48%). Both models 
showed lower RMSD and AE values compared to the original 
model, with model “1.0” achieving the lowest absolute errors. 
Model “2.0” demonstrated a notably high correlation, with 
R² and r values of 0.99, indicating exceptional fidelity in 
reproducing observed data. This confirms the advancement 
in data calibration during this period.

For precipitation, although model “1.0” overestimated 
values (PBIAS of 4.10%), model “2.0” yielded a more 
balanced result (3.77%). In terms of absolute error, model 
“1.0” stood out with the lowest AE value (22.53), indicating 
less dispersion in the simulated data. The relative error was 
also lower in model “2.0” (20.38%), suggesting a good balance 
between precision and stability. Correlation remained 
exceptional in model “2.0”, with r and R² at 0.99, reinforcing 
its reliability for precipitation simulation. This observation 
is supported by Darman et al. (2024), who demonstrated 
strong statistical adherence in tropical regions using similar 
calibration methods.

The observed patterns persisted in the final analyzed 
time frame (1986 to 2015), with model “2.0” exhibiting 
excellent performance in temperature estimation. While 
the original model showed a slight PBIAS of -1.85%, model 
“1.0” was virtually unbiased (0.03%), and model “2.0” had a 
minor underestimation (-1.45%). Model “2.0” also achieved 
the lowest RMSD (0.38 °C) and an absolute error (AE) of 
0.72, reflecting its higher precision in monthly temperature 
simulation. The coefficient of determination R2 was 0.99 for 
model “2.0”, again indicating high reliability, in contrast to 
the 0.87 values observed in the other models. Similar results 
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Table 3. Calibration evaluation for monthly temperature and precipitation variables across three different climate datasets (1981 
– 2010, 1981 – 1995 + 2006 – 2020, and 1986 – 2015), for the three analyzed models (Original, 1.0, and 2.0), Araxá, MG, Brazil

Analyzed period: 1981 to 2010

Temperature (oC)
Original Model Model 1.0 Model 2.0

PBIAS (%) -2.25 0.22 0.14
RMSD (°C per month) 0.94 0.60 0.81

AE (°C per month) 0.87 0.55 0.75
RE (%) 4.20 2.59 3.54

R² 0.86 0.86 0.86
r 0.93 0.93 0.93

Precipitation (mm per month)
Original Model Model 1.0 Model 2.0

PBIAS (%) 0.48 1.98 2.39
RMSD (mm per month) 26.65 27.18 27.15

AE (mm per month) 28.45 27.80 27.72
RE (%) 23.86 22.64 22.35

R² 0.90 0.90 0.95
r 0.95 0.95 0.97

Analyzed periods: 1981 - 1995 + 2006 - 2020

Temperature (oC)
Original Model Model 1.0 Model 2.0

PBIAS (%) -2.12 -0.04 -0.48
RMSD (°C per month) 0.87 0.52 0.72

AE (°C per month) 0.85 0.51 0.72
RE (%) 4.15 2.41 3.41

R² 0.87 0.89 0.99
r 0.93 0.94 0.99

Precipitation (mm per month)
Original Model Model 1.0 Model 2.0

PBIAS (%) -0.69 4.10 3.77
RMSD (mm per month) 33.26 34.08 34.09

AE (mm per month) 28.22 22.53 26.29
RE (%) 23.77 21.66 20.38

R² 0.88 0.88 0.99
r 0.94 0.94 0.99

Analyzed period: 1986 - 2015

Temperature (oC)
Original Model Model 1.0 Model 2.0

PBIAS (%) -1.85 0.03 -1.45
RMSD (oC per month) 0.84 0.50 0.38

AE (oC per month) 0.85 0.50 0.72
RE (%) 4.11 2.37 3.41

R² 0.87 0.87 0.99
r 0.93 0.93 0.93

Precipitation (mm per month)
Original Model Model 1.0 Model 2.0

PBIAS (%) -1.60 -3.12 3.48
RMSD (mm per month) 31.53 43.51 31.29

AE (mm per month) 27.08 30.85 26.38
RE (%) 22.64 25.02 20.45

R² 0.90 0.90 0.90
r 0.95 0.95 0.95

PBIAS (%) – Percent Bias: Indicates the average percentage bias between simulated and observed values. RMSD – Root Mean Square Deviation: Represents the square root of the 
average squared differences between simulated and observed values. AE – Absolute Error: Measures the mean of the absolute differences between simulated and observed values. RE 
– Relative Error: Expresses the absolute error as a percentage relative to the observed values. R² – Coefficient of Determination: Indicates the proportion of variance in the observed 
data that is explained by the model. r – Pearson Correlation Coefficient: Measures the strength and direction of the linear relationship between simulated and observed variables
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were reported by Monteiro et al. (2017) and Rockett et al. 
(2023), who found high fidelity in thermal simulations based 
on NASA POWER data.

For precipitation, the results were more varied. The 
original model had a PBIAS of -1.60%, while model “1.0” 
accentuated this negative bias (-3.12%). Conversely, model 
“2.0” exhibited a positive bias of 3.48%, indicating a tendency 
to overestimate, but with better performance in absolute 
errors (AE of 26.38 mm) and relative error (RE of 20.45%). 
In terms of correlation, all models maintained high values 
(r = 0.95; R² = 0.90), demonstrating consistency in results, 
although model “2.0” continued to stand out by combining 
precision with stability.

Across the three analyzed periods, the adjusted models—
especially model “2.0”—exhibited superior performance 
for both temperature and precipitation. Version “2.0” 
was particularly notable for its low error values and 
high correlation with observed data, making it the most 
recommended for use in climatic studies and future modeling. 
For temperature, the 1986–2015 period had the lowest RMSD 
(0.38) and maintained a high correlation (R2 = 0.99), making 
it the most precise. The 1981–1995 and 2006–2020 periods 
also showed near-perfect correlation (r = 0.99) and excellent 
results, indicating that both periods are reliable, with a 
slight advantage for 1986–2015 in terms of error. Regarding 
precipitation, the 1981–1995 and 2006–2020 periods stood 
out with higher correlation (r = 0.99), lower relative error 
(RE = 20.38%), and lower AE (26.29 mm). Overall, model 
“2.0” demonstrated the best performance for both variables, 
especially in the periods 1986–2015 (temperature) and 
1981–1995 and 2006–2020 (precipitation), establishing itself 
as the most reliable for future climatic applications in the 
Araxá region.

The climate models “Original”, “1.0”, “2.0”, and “3.0” were 
validated considering three distinct time frames: 2011 to 
2020 (10 years), 1996–2005 (10 years), and 1981–1985 and 
2016–2020 (10 years). The analysis was based on classical 
statistical metrics applied to monthly average temperature 
(°C) and total monthly precipitation (mm), focusing on 
precision, PBIAS, and correlation (Figure 2).

During the 2011–2020 period, the adjusted models (“1.0,” 
“2.0,” and “3.0”) demonstrated satisfactory performance in 
simulating monthly average temperature. Model “3.0” stood 
out with the lowest absolute error (AE = 0.68 °C) and relative 
error (RE = 3.12%). However, the determination coefficients 
(R² ranging from 0.72 to 0.75) suggest limitations in capturing 
monthly thermal variability. 

These findings are corroborated by Carrara et al. (2023), 
whose study showed a strong correlation (r > 0.9) between 
daily average temperature and humidity, as estimated by 
NASA POWER and data from 489 INMET stations. However, 
more significant errors were observed in hourly estimates, 
suggesting a limitation of the platform in capturing short-
duration events. Similarly, Rockett et al. (2023) analyzed 
the use of NASA POWER to calculate the Temperature-
Humidity Index (THI) in cattle in Canada and reported 

strong correlations for mean values, but low accuracy for 
variables such as relative air humidity and wind speed.

Regarding precipitation during the same period 
(Figure 3), all models exhibited negative biases (PBIAS 
between –16 and –19.5%) and high RMSD and RE values. 
Despite these discrepancies, temporal correlation remained 
consistent (R² ≈ 0.87), indicating a good representation of the 
temporal structure. These results are consistent with those of 
Halimi et al. (2023), who observed similar performance when 
validating NASA POWER precipitation estimates in Turkey. 
Comparable results were also reported by Kheyruri et al. 
(2023), who monitored drought characteristics in Iran using 
the platform, particularly through SPI and SPEI indices. Al-
Kilani et al. (2021) also highlighted the platform’s potential 
for monitoring extreme events, such as meteorological 
droughts, in the semi-arid region of Jordan.

The analysis of the 1996–2005 period revealed the 
best overall performance among the time segments, with 
coefficients of determination near 1 for temperature (R² 
= 0.99) and the lowest absolute and relative error indices. 
For precipitation, models “2.0” and “3.0” also performed 
well, particularly model “2.0” (RE = 18.99%). These results 
reflect the effectiveness of the calibration strategy, which uses 
the extremes of the historical series and is validated in the 
intermediate period.

During the 1981–1985 and 2016–2020 periods, the models 
maintained high correlation for temperature (R² = 0.99) and 
precipitation (R² = 0.94), demonstrating robustness even 
under recent extreme climate conditions. Kath et al. (2020) 
and Venancio et al. (2020) highlight the significant impacts of 
rising temperatures on agricultural productivity, reinforcing 
the importance of thermal accuracy in model representation.

In the United States, White et al. (2008) validated 
NASA POWER data and observed a strong correlation with 
meteorological station data (R² = 0.88), despite a bias of –2.4 
°C for Tmax and +1.1 °C for Tmin. Phenological simulations 
based on these data demonstrated high agreement (R² = 0.92), 
underscoring their applicability in agroclimatic studies.

In a European context, Rodrigues & Braga (2021) 
reported good performance of NASA POWER for variables 
such as temperature and solar radiation (R² > 0.82) in a 
Mediterranean climate, though accuracy for wind was low. 
The results improved after bias correction, indicating the 
relevance of local calibrations. Similar findings were reported 
by Tayyeh & Mohammed (2023) in the Euphrates Basin, 
where validation of temperature and precipitation data 
yielded coefficients of determination (R²) between 0.74 and 
0.95. In the Middle East, Marzouk (2021) assessed global 
warming in Oman using NASA POWER data and observed 
good performance for thermal variables, although limitations 
were noted in the representation of precipitation.

Based on the results, models “2.0” and “3.0” showed 
better adherence to observed data and are recommended 
for regional applications. Monteiro et al. (2017) applied the 
NASA POWER platform to simulate sugarcane productivity 
and found a strong relationship between estimated climatic 
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PBIAS (%) – Percent Bias: Indicates the average percentage bias between simulated and observed values. RMSD – Root Mean Square Deviation: Represents the square root of the 
average squared differences between simulated and observed values. AE – Absolute Error: Measures the mean of the absolute differences between simulated and observed values. RE 
– Relative Error: Expresses the absolute error as a percentage relative to the observed values. R² – Coefficient of Determination: Indicates the proportion of variance in the observed 
data that is explained by the model. r – Pearson Correlation Coefficient: Measures the strength and direction of the linear relationship between simulated and observed variables

Figure 2. Validation assessment for the monthly average temperature variable, based on three different climate datasets (2011–
2020, 1996–2005, and 1981–1985 and 2016–2020) for the three models analyzed (Original Model 1.0, 2.0, and 3.0), Araxá, 
MG, Brazil, 2025
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Figure 3. Validation assessment for the monthly precipitation variable, based on three different climate datasets (2011–2020, 
1996–2005, and 1981–1985 and 2016–2020) for the three models analyzed (Original Model, 1.0, 2.0, and 3.0), Araxá, MG, 
Brazil, 2025

variables and crop performance. In Indonesia, Darman et 
al. (2024) further reinforced the platform’s usefulness for 
analyses in tropical regions, emphasizing its applicability in 
agroclimatic monitoring.

The combination of data from 1981–1995 and 2006–
2020 for calibration, and from 1996–2005 for validation, 
yielded the best values across all metrics for both 

temperature and precipitation. This indicates that within 
this time frame, the model exhibited greater adherence 
to the observed data, fewer errors, and greater statistical 
stability, demonstrating the importance of selecting an 
appropriate temporal series.

In summary, this study emphasizes the importance of 
calibration with multiple time periods and robust validation 
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using locally observed data. This approach ensures greater 
climatic representativeness and increases confidence in 
the application of simulated models in agroclimatic and 
hydrological studies. Furthermore, the growing adoption of 
the NASA POWER package, as described by Sparks (2018), 
has facilitated access to and integration of NASA POWER 
data in scientific analyses, broadening its usability across 
regions and platforms.

Ultimately, the results reinforce the importance of using 
models calibrated over multiple periods and validated with 
robust local observations. This strategy ensures climatic 
representativeness and supports the reliable use of simulated 
data in applied contexts such as agriculture, hydrological 
forecasting, and climate change assessments.

Conclusions

1. 	The selection of the temporal range influences the 
validation of the methodology. It is recommended to use 
values from the extremities of the time series for calibration 
and central data for validation. 

2. 	Furthermore, the NASA POWER tool can be 
considered a reliable alternative for estimating rainfall and 
average monthly temperatures in locations lacking nearby 
meteorological stations.
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