
ABSTRACT: Climate data is essential for agriculture, supporting resilience, decision-making and food security under both current conditions 

and climate change scenarios. It is also essential for research, education, and applied sciences. However, its use is often limited by sparse 

monitoring networks, time series that are not continuous, platforms that handle immense volumes of data, and technical barriers that require 

programming and statistical expertise. These challenges are particularly pronounced in developing countries. To address these issues, 

we have developed ClimaPlots: an open-source QGIS plugin that simplifies the access to, and analysis of, temperature, precipitation, solar 

radiation, and relative humidity data from NASA’s POWER database. The tool enables users to extract data from any location, generate 

interactive visualisations, analyse trends and calculate climate extremes. While not a complete solution to all limitations in accessing data, 

ClimaPlots reduces technical and economic barriers, thus improving the usability of global climate data for agriculture, research, education, 

and planning in regions where data is scarce. ClimaPlots is freely available in the QGIS repository, promoting open and reproducible science 

by transforming large datasets into actionable knowledge.
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INTRODUCTION

Interest in climate dates back to ancient times, with Aristotle’s Meteorologica (c. 340 BC) among the earliest studies 
of atmospheric phenomena (Neves et al. 2017). Nowadays, understanding climate remains vital for society, particularly 
in agriculture, in which historical, real-time, and predictive data support resilience, decision-making, and food security 
under current and future climate conditions. Large datasets and smart systems enhance crop forecasting and resource 
management, while analyses of climate trends and extremes provide essential insights for agricultural planning (Ademe et 
al. 2020, Pathak et al. 2018). Climate smart agriculture databases guide local adaptation (e.g., Nyakundi et al. 2020), and 
improved climate services strengthen resilience in developing countries. Equally important is communicating these data 
in ways aligned with agricultural practices and risk management (Wilke and Morton 2015), while democratized access 
empowers local and vulnerable communities to participate in monitoring, decision-making, and advocacy, ensuring their 
perspectives and needs are considered (Guldi 2021).

A central approach to understanding climate variability, trends, and extremes relies on statistical analysis of historical 
time series and standardized climate indices (Costa et al. 2020, Manica et al. 2022, Torres et al. 2022). However, such analyses 
depend on reliable observational data, which remain limited in many regions of the Global South due to sparse networks, 
heterogeneous record quality, restricted access, and infrastructural or technical constraints (Dinku 2019, Gebrechorkos et 
al. 2017, Lennard et al. 2018). In Brazil, these challenges are evident in insufficient station coverage, discontinuous historical 
series, and pronounced spatial-temporal variability, especially in semiarid and remote areas (Costa et al. 2021, Pugas et 
al. 2023). These limitations are shared by other regions with high climate vulnerability (Dinku et al. 2014), paradoxically 
where reliable data are most needed for adaptation and resilience planning.
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To address these gaps, several institutions have developed climate datasets based on models, reanalyses, satellite 
observations, and interpolation techniques. Among these, NASA POWER stands out for filling observational gaps in remote 
regions (Sparks 2018, Rodrigues and Braga 2021), though accessing and processing these data still requires programming 
and statistical expertise, limiting broader use by students, practitioners, and policymakers.

In this context, we present ClimaPlots, an open-source plugin for QGIS that integrates NASA POWER meteorological 
data into an interactive, georeferenced environment. The tool enables users to visualise and analyse climate indices, as well as 
long-term climate trends in variables such as temperature, precipitation, relative humidity, and solar radiation. The extreme 
indices that have been implemented are those which were proposed by the Expert Team on Climate Change Detection 
and Indices (ETCCDI). The ClimaPlots system automates data processing, thereby reducing the need for programming 
skills and climatological statistical expertise. Consequently, it expands and democratises access to climate information. The 
utilisation of this instrument confers significant insights, which are pertinent to a wide range of applications in research, 
agriculture, public policy, and other domains of societal activity.

METHODS

Plugin structure

ClimaPlots was implemented as a plugin within QGIS (QGIS Development Team 2024), an open-source geographic 
information system widely used for handling and analysing spatial information. The software runs on multiple operating 
systems and benefits from continuous improvements made by an active international developer community (Bhatt et al. 2014). 
The plugin’s interface was designed with the Qt Design framework (The Qt Company 2024), allowing for an integrated and 
user-friendly layout. Climate data used by ClimaPlots come from the NASA POWER Python API, which provides global 
daily estimates (0.5° × 0.625°) from 1981 to the present, including variables such as minimum and maximum temperature, 
precipitation, solar radiation, and relative humidity.

Climate index

Climate indices are essential for describing climate variability and identifying extreme events. They allow researchers 
to recognize patterns at regional and local scales through objective, comparable measures (Nash et al. 2021). Among these, 
the indices proposed by the ETCCDI are particularly relevant, as they offer standardized methods to quantify changes in 
temperature and precipitation extremes (Chervenkov and Slavov 2021).

In this study, ClimaPlots integrates a selection of ETCCDI indices related to temperature and precipitation, as summarized 
in Table 1. To enhance accessibility for non-specialist users, Table 1 also summarizes the practical implications of each 
ETCCDI index, highlighting their relevance for agricultural planning, climate risk assessment, and decision-making processes.

Table 1. Expert Team on Climate Change Detection and Indices integrated into ClimaPlots.

Category Index Description Practical implications for agriculture and planning

Temperature

FD Annual frost days 
(Tmin < 0°C)

Indicates frost risk, relevant for crop selection, planting calendars, and  
frost-sensitive crops (e.g., coffee, fruits).

TR
Annual tropical 
nights (Tmin > 

20°C)

Reflects nighttime heat stress, reduced crop recovery, increased  
evapotranspiration, and impacts on livestock thermal comfort  

(e.g., tropical and subtropical production systems).

ID Annual ice days 
(Tmax < 0°C)

Indicates severe cold events, potentially damaging perennial crops and agricultural 
infrastructure in cold-prone regions.

SU
Annual summer 

days (Tmax > 
25°C)

Associated with daytime heat stress, accelerated crop development, and higher 
irrigation demand.

Continue...

https://creativecommons.org/licenses/by/4.0/deed.en
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Table 1. Continuation.

Category Index Description Practical implications for agriculture and planning

Temperature

TXx
Highest monthly 

maximum 
temperature

Indicates extreme heat events, associated with severe heat stress, yield losses, 
flowering failure, and increased crop water demand.

TXn
Lowest monthly 

maximum 
temperature

Represents cool daytime conditions, potentially affecting crop development and 
increasing the risk of physiological damage.

TNx
Highest monthly 

minimum 
temperature

Reflects extremely warm nights, associated with reduced plant recovery, increased 
nighttime respiration, and sustained heat stress.

TNn
Lowest monthly 

minimum 
temperature

Indicates extreme cold nights, linked to frost risk, damage to temperature-sensitive 
crops, and impacts on perennial crop systems.

DTR Daily temperature 
range

Influences crop phenology, respiration, and disease development; reduced daily 
temperature range may favor fungal diseases under humid conditions.

Precpitation

RX1day/
RX5day

Maximum 
daily / 5-day 
precipitation

Indicators of extreme rainfall associated with flooding, soil erosion, and damage to 
agricultural infrastructure.

R10mm/
R20mm

Number of days 
with precipitation 

≥ 10/20 mm

Reflects frequency of heavy rainfall events, relevant for soil conservation, mechanized 
field operations, and disease pressure.

PRCPTOT Annual total 
precipitation

Indicates overall water availability for rainfed agriculture, pasture productivity, and 
water resource planning.

SDII
Mean 

precipitation 
intensity

Higher values suggest more intense rainfall, increasing surface runoff, erosion risk, and 
reducing effective infiltration.

CDD Consecutive dry 
days

Indicates drought risk and prolonged dry spells, affecting sowing windows, crop 
establishment, and irrigation planning (e.g., seasonal dry spells in tropical regions).

CWD Consecutive wet 
days

Associated with waterlogging, delayed field operations, and increased fungal disease 
incidence (e.g., harvest losses).

SPI
Standardized 
precipitation 

index

Widely used indicator for drought and wetness monitoring, supporting early warning 
systems and climate risk assessment across multiple time scales.

Statistical analyses

ClimaPlots includes statistical tools to analyse both annual climate variables and ETCCDI indices, allowing users to assess 
long-term trends and possible shifts in the data. Two non-parametric tests are available: the Mann–Kendall’s test (Mann 
1945, Kendall 1975), commonly used to identify monotonic trends in time series, implemented through the pyMannKendall 
package (Hussain and Mahmud 2019); and the Pettitt’s test (Pettitt 1979), which detects potential change points in the data, 
implemented using pyHomogeneity (Hussain et al. 2023). Both analyses were conducted with a 5% significance level to 
maintain consistency and facilitate comparison among results.

AVAILABILITY

Source code:
https://github.com/caioarantes/climaplots; 
Documentation: 
https://caioarantes.github.io/climaplots/
(Available online via GitHub Pages and in multiple languages)
License: 
GNU General Public License v2 or later

https://creativecommons.org/licenses/by/4.0/deed.en
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RESULTS AND DISCUSSION

ClimaPlots is available through the official QGIS plugin repository and can be installed directly within the platform. 
Once installed, users can define geographic coordinates manually or select locations interactively on the map, with the 
option to overlay Google Maps layers (Figs. 1a and 1b). The plugin generates three main outputs: 

(a) (b)

Figure 1. Installation of ClimaPlots in QGIS (a) and Use of ClimaPlots in QGIS (b)

•	 Statistical tests for climate variables, including Mann-Kendall’s test for trends and Pettitt’s one for change points (Fig. 2a); 
•	 Climograms visualizing temporal variation (Fig. 2b); 
•	 ETCCDI indices with associated statistics (Figs. 2c and 2d). 

(a)

(c)

(b)

(d)

Figure 2. Outputs generated by the ClimaPlots plugin: (a) trend analysis, (b) climograph, (c) Annual Summer Days index, and (d) Annual 
Frost Days index.

https://creativecommons.org/licenses/by/4.0/deed.en
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Some indices showed stable behaviour over the analysed period. These outputs enable efficient assessment of climate 
variability, extremes, and trends, supporting applications in research, education, agriculture, and forest management.

QGIS, as an open-source GIS platform, provides a wide range of plugins for climate-related analyses, including surface 
temperature mapping (Ndossi and Avdan 2016), evapotranspiration estimation (Ellsäßer et al. 2020), land use and cover 
simulations (Touati et al. 2020, Isinkaralar 2024), time series forecasting (Naciri et al. 2024), and urban energy modelling. 
However, existing tools do not specifically address the detection of trends, extremes, and standardized climate indices, an 
aspect incorporated in ClimaPlots. 

Developed as an open-source and user-friendly plugin, ClimaPlots simplifies the processing of climate information and 
extends access to advanced analyses across sectors such as agriculture, forestry, ecology, bioclimatology, and land use. It also 
supports applications in hydrology and ecosystem management. More broadly, ClimaPlots bridges climate data science and 
societal needs by transforming technical datasets into actionable information. In doing so, it contributes to the democratization 
of climate analysis and strengthens evidence-based decision-making in both research and environmental management.

Despite its relevance, ClimaPlots has limitations that must be critically considered, as they stem directly from the 
characteristics of the NASA POWER dataset on which it relies. Although NASA POWER is widely recognized for its 
accessibility, global coverage, and long-term historical records (Sparks 2018, Rodrigues and Braga 2021), these advantages 
do not eliminate inherent constraints associated with variable performance, spatial resolution, and the nature of data 
assimilation from reanalysis and satellite products. Consequently, the dataset’s reliability varies with region, climate type, 
and variable, and tends to be particularly limited in areas with sparse in situ observations, the very regions where accurate 
climate data are most needed (Sparks 2018, Marzouk 2021). This reflects a broader challenge in climate science: while open-
access datasets expand availability, they cannot fully replace high-quality local measurements.

When evaluated by variable, temperature (both maximum and minimum) and solar radiation generally align well with 
station-based data in tropical and temperate regions, including Brazil, especially when aggregated at daily or monthly scales 
(Barboza et al. 2024, Rodrigues and Braga 2021). Their accuracy can be further improved through local bias correction 
(Monteiro et al. 2018, Rodrigues and Braga 2021, Rosa et al. 2023). In contrast, precipitation, wind speed, and relative 
humidity show greater discrepancies relative to ground observations, particularly in coastal or lowland areas, limiting their 
application to hydrological, agricultural, or risk-management studies unless corrected through statistical or downscaling 
methods (Faccin et al. 2024, Marzouk 2021, Rodrigues and Braga 2021). Spatial and temporal resolution constraints also 
hinder detailed local analyses, especially in tropical and semi-arid regions (Tan et al. 2023). Nonetheless, NASA POWER 
remains a valuable resource for filling meteorological gaps in remote or data-scarce areas.

In this context, ClimaPlots helps bridge technical constraints and user needs by enhancing the interpretability and 
usability of global climate datasets. By integrating accessible climate data with standardized ETCCDI indices, it advances 
the democratization of climate information across research, educational, and applied contexts. However, its outputs must 
be interpreted with caution, acknowledging variable-dependent accuracy and potential regional biases. 

Therefore, users are strongly advised to perform local validation and, where possible, apply bias correction against 
ground-based meteorological observations before using the outputs for critical hydrological analyses, risk assessment, or 
decision-making processes.

When properly validated and bias-corrected, ClimaPlots serves as a robust tool for evidence-based decision-making 
in agriculture, hydrology, ecology, and land-use planning, while promoting transparency and reproducibility in climate 
data analysis.

CONCLUSION

This study presents ClimaPlots, an open-source plugin developed for QGIS with the goal of making meteorological 
and climate data more accessible. The tool offers an intuitive interface that helps users (such as researchers, planners, and 
decision-makers) obtain and visualize climate information without the need for coding or advanced statistical training. 

https://creativecommons.org/licenses/by/4.0/deed.en
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By combining standard climate indices with graphical representations of trends and extremes, ClimaPlots supports 
analyses that can inform studies, public policies, and management practices in agriculture, urban areas, and forestry.

In the agricultural context, the plugin also serves as a practical climate service, helping small farmers interpret climate 
risks and plan crop management to improve resilience and food security. Although its results depend on the quality and 
resolution of the data sources used, ClimaPlots provides a straightforward way to transform large datasets into information 
that can guide adaptation and planning actions, particularly when its outputs are interpreted in conjunction with local 
knowledge or observation data.
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