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Abstract. BRAMS forecasting workflows generate multidimensional atmospheric fields that are post-processed with
legacy GrADS scripts, which limits integration with current web-oriented dissemination pipelines. This paper investigates
a Python-based alternative for the final visualization stage of this workflow. We implemented a controlled qualitative
comparative study in which Cartopy, Plotly, Bokeh, and Folium were evaluated under the same preprocessing conditions,
using BRAMS outputs and equivalent geographic and variable selections. The assessment followed an explicit framework
based on functional coverage, interactivity, integration effort, and output suitability. Results showed a consistent trade-
off between projection/cartographic quality and interactive delivery. In the evaluated scenarios, the combination of
Folium, Matplotlib, and geojsoncontour provided the best balance for interactive contour-based map dissemination. As an
application contribution, we integrated this pipeline into a Streamlit interface that enables non-programmer users to explore
variables and pressure levels with real-time visual feedback. These findings provide a reproducible basis for updating
BRAMS visualization workflows while preserving operational usefulness.
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1 Introduction
Atmospheric and environmental forecasting involves deter-
mining the future state of the atmosphere based on a known
state at a given time Corte-Real [2015]. The output of these
forecasts, often generated by numerical models, consists of
multi-dimensional matrices representing atmospheric vari-
ables at various grid points Lynch [2008].

The Brazilian Developments on the Regional Atmo-
spheric Modeling System (BRAMS) is a model used for
atmospheric and environmental forecasting. Its workflow
collects environmental information, adjusts spatial resolution,
and runs the model on supercomputers or High-Performance
Computing (HPC) clusters.

The BRAMS outputs generate files in GrADS (Grid
Analysis and Display System) format. In the final stage of the
workflow, meteorological maps and graphs are generated to
allow analysis by meteorologists and for visualization on web
pages.

Historically, BRAMS outputs were visualized using spe-
cialized, monolithic software for atmospheric sciences, such
as GrADS (Grid Analysis and Display System), NCAR Graph-
ics, and Vis5D. These tools are highly efficient for handling
formats inherent to BRAMS, especially GrADS and NetCDF
Drach and Caron [2013].

However, their closed ecosystems make integration with
modern machine learning workflows and custom Web APIs
difficult. In addition, they usually prioritize cartographic
accuracy over user interactivity.

In this context, the shift toward programmatic workflows
has decoupled data manipulation from rendering, allowing
finer control of BRAMS datasets with modern geoscience
libraries such as Xarray, MetPy, and Cartopy.

To address this challenge, it is essential to find alter-
natives that enable a simple and efficient execution of the
meteorological workflow.

This work’s objective is to improve the final stage of
the BRAMS atmospheric model workflow. It focuses on
analyzing and evaluating Python libraries as an alternative
to the GrADS system for manipulating and visualizing data
produced by the model. The evaluation was based on three
practical criteria: functionality, user interactivity, and long-
term maintainability. To support this process, we used Python
libraries to process data from different atmospheric layers.
The specific objectives include:

• Choosing a framework that enables the agile develop-
ment of a web application;

• Defining, analyzing, and evaluating suitable libraries for
manipulating and visualizing atmospheric data;

• Preparation and automation of the work environment for
reading and processing these data.

The following sections discuss the related work, methodology,
results and discussions, and conclusions, respectively.

2 Background
BRAMS is a regional-scale multifunctional numerical
weather prediction model. It was designed to simulate atmo-
spheric circulations ranging from hemispheric scales down
to Large Eddy Simulations (LES) of the planetary boundary
layer Freitas et al. [2017].

Atmospheric and environmental data outputs can be ac-
cessed, manipulated, and visualized using GrADS in an inter-
active and simplified manner Doty et al. [1997]. In addition
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to being implemented on various operating systems, it is also
freely distributed over the Internet.

In traditional BRAMS workflows, map generation in
GrADS relies on its own scripting language, which couples
data processing and visualization in a single environment. As
an example, Figure 1 presents a Mineral Dust Optical Thick-
ness field from the Global Forecast System (GFS) rendered
in GrADS.

Figure 1. Visualization of the Mineral Dust Opti-
cal Thickness field from the GFS model. FSource:
https://a.fsdn.com/con/app/proj/opengrads/screenshots/153722.jpg/max/max/1.

Although this approach is effective for operational rou-
tines, it makes it harder to separate data orchestration, sci-
entific analysis, and user-facing dissemination as indepen-
dent components of the workflow. To clarify this broader
perspective, Figure 2 presents a multi-tiered Meteorological
Visualization System architecture Rautenhaus et al. [2018]
organized into three functional layers, from initial data acqui-
sition to final user interaction.

The Data Orchestration Layer is the system founda-
tion and manages raw information, including data ingestion
from satellites, radar systems, and ground weather stations,
followed by cleaning, standardization, and storage in high-
performance databases and server infrastructure.

The Static Geo-analysis Layer transforms these inputs
into scientifically meaningful spatial information through me-
teorological modeling (e.g., BRAMS), spatial-temporal anal-
ysis, and GIS-based geoprocessing with proper coordinate
systems and map projections.

The Interactive Dissemination Layer, where this study
is positioned, focuses on end-user access through interactive
web maps, real-time dashboards, and user applications across
devices, while also supporting alerts and data export for ex-
ternal analysis.

Given this three-layer architecture, implementing the
Interactive Dissemination Layer requires technologies that
connect scientific processing to accessible web delivery. In
this context, Python has become increasingly common in
Earth Sciences because it combines a broad scientific ecosys-
tem with reproducible workflows Kadiyala and Kumar [2017];
Arms et al. [2020]. To make this review clearer, we group the
work into three categories: data manipulation and interpreta-
tion, static and interactive map rendering, and web application
framework.

In BRAMS workflows, Python is often adopted as an
alternative to shell scripts and GrADS Lin [2012]. This shift is
also influenced by limitations in legacy tools, including lower
maintenance activity and weaker integration with modern
software stacks.

Data manipulation and interpretation
(DMI)
The xgrads package Qian et al. [2025] reads and parses .ctl
descriptor files and converts BRAMS outputs to structures
compatible with the scientific Python stack. NetCDF sup-
port Rew and Davis [1990] provides metadata-rich access to
multidimensional atmospheric variables.

Xarray and NumPy form the core in-memory data model
of this workflow Hoyer and Hamman [2017]; Gupta and
Bagchi [2024]. In practice, their main strengths are labeled di-
mensions, coordinate-aware indexing, and smooth integration
with other analysis libraries.

For BRAMS outputs, these features help reduce indexing
mistakes across atmospheric levels and variables. A Dataset
example is shown in Figure 3, and a four-dimensional reading
workflow is illustrated in Figure 4.

MetPy complements these libraries by providing
meteorology-oriented calculations and CF-compliant coordi-
nate handling, helping preserve geospatial consistency during
transformations May and Bruick [2019]. However, because its
role is analytical rather than presentation, it does not provide
a complete interactive visualization layer on its own.

Static and interactive map rendering
(SIMR)
Rather than treating these libraries as interchangeable, our
analysis used three criteria aligned with the Interactive Dis-
semination Layer: (i) cartographic fidelity, (ii) interactive
usability, and (iii) integration effort in the BRAMS workflow.
Under this lens, no single library dominates all dimensions.

Cartopy performs best for cartographic fidelity because
its projection support integrates naturally with Matplotlib
and yields publication-quality static products May and Bruick
[2019]; Shreemathi et al. [2024]. Its main limitation, however,
is in interactive usability, since native outputs are primarily
static.

Plotly and Bokeh improve interactive usability in browser
environments Frants and Ohman [2024]; Jolly [2018], but in
our context they require additional adaptation when combin-
ing meteorological contours, base maps, and layered compo-
sition. This raises integration effort for operational BRAMS
pipelines.

Folium, especially when combined with GeoJSONCon-
tour, offered the most balanced trade-off for our dissemination
objective: acceptable geospatial expressiveness, strong web
interactivity, and lower integration friction for serving contour-
based products in a web map interface Suma et al. [2024];
Sujithra and Shanmugapriyaa [2024].

Web application framework (WAF)
Consistent with the same evaluation criteria used above (inter-
active usability and integration effort), Streamlit was adopted
as the application layer because it enables rapid development
of interactive scientific interfaces with low front-end over-
head Moscato [2024]. In our workflow, this choice reduced
implementation complexity and accelerated delivery of the
Interactive Dissemination Layer, with the trade-off of less
fine-grained UI control than fully custom web frameworks.

A comparative synthesis of the libraries discussed in this
section is presented in Table 1.
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Figure 2. Meteorological Visualization System (Image). Source: Generated by Gemini AI (Google), 2026, prompt: "A meteorological visualization system is
composed of Data Orchestration Layer, Static Geo-analysis Layer, Interactive Dissemination Layer. Generate a figure of these layers".

Table 1. Comparative synthesis of libraries considered for BRAMS outputs.
Library Category Main strength Main limitation Fit for BRAMS

workflow
xgrads DMI Reads GrADS

.ctl/binary structure
Depends on GrADS
descriptor quality

Essential for
BRAMS ingestion

Xarray + NumPy DMI Labeled
multidimensional
processing

Memory-sensitive with
large datasets

Core analysis layer

MetPy DMI CF-aware meteorological
operations

Not a full visualization
stack

Strong domain
support

Cartopy +
Matplotlib

SIMR Accurate projections and
publication-ready maps

Low end-user interactivity Strong for static
outputs

Plotly / Bokeh SIMR Browser-based
interaction and rapid
exploration

Extra work for
contour-map composition

Moderate,
use-case
dependent

Folium +
GeoJSONContour

SIMR Interactive maps with
contour overlays

Requires conversion
pipeline

Strong for
interactive map
delivery

Streamlit WAF Fast interface
prototyping

Limited fine-grained UI
control

Strong for rapid
deployment

Figure 3. Representation of an Xarray Dataset. Source: Xarray developers
(2023).

Figure 4. Reading and analyzing four-dimensional GrADS ctl data. Source:
xgrads (2023).
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3 Methodology
This section describes the experimental setup used to com-
pare visualization libraries for BRAMS outputs, including
the dataset, processing pipeline, evaluation criteria, and com-
parison protocol. All tests were carried out within the same
Python-based workflow to ensure a fair comparison across li-
braries. The data ingestion and preprocessing steps were kept
fixed, and only the visualization layer was changed during the
evaluation.

The comparison was designed as a controlled library-
substitution experiment: each candidate library received
equivalent atmospheric inputs, geographic extents, and plot-
ting tasks, and was assessed under the same workflow condi-
tions. The objective was to evaluate suitability for BRAMS
dissemination in practice, not to establish hardware-dependent
performance benchmarks.

As summarized in Figure 5, the pipeline is organized
into three complementary categories: data manipulation and
interpretation libraries (xgrads, Xarray, NumPy, and MetPy)
for ingesting and processing multidimensional BRAMS fields,
static and interactive map rendering tools (Cartopy/Matplotlib,
Plotly, Bokeh, and Folium) for geospatial rendering and ex-
ploratory outputs, and a web application framework (Stream-
lit) for delivering user-facing interactive products without
dedicated front-end development.

Figure 5. Categories of meteorological data tools used in the workflow
context.

The data manipulation pipeline was defined as follows:

• read BRAMS output descriptor files (.ctl) and binary
data with xgrads (v0.2.3);

• convert data to xarray.Dataset structures;
• process atmospheric variables in memory with Xarray

(v0.20.2) and NumPy (v1.21.6);
• parse coordinates and metadata with MetPy (v1.2.0),

using parse_cf().

The dataset consists of BRAMS atmospheric model out-
puts exported in GrADS-compatible format. The experiments
used multidimensional fields (latitude, longitude, level, and
time), with emphasis on variables and pressure levels com-
monly used in operational workflows. To ensure consistency,
each visualization library received the same preprocessed
slices of atmospheric fields and equivalent geographic ex-
tents.

Four visualization alternatives were tested as candidates
to replace or complement the traditional GrADS rendering
stage:

• Cartopy (v0.20.3), combined with Matplotlib for static
geospatial maps;

• Plotly (v5.8.0), for interactive web-oriented maps and
contours;

• Bokeh (v2.4.3), for browser-based interactive visualiza-
tion;

• Folium (v0.14.0), with GeoJSON overlays for interactive
map dissemination.

To deliver the resulting products to end users, Streamlit
served as the application framework. It enables rapid conver-
sion of Python scripts into fully functional web applications
and supports interactive dashboards in which users can select
forecast dates with sliders, choose atmospheric variables (e.g.,
wind speed), and visualize map updates in real time without
requiring HTML or JavaScript development.

The comparative analysis was based on four criteria de-
fined before the experiments:

• C1 – Functional coverage: ability to render meteo-
rological contours, overlays, and projected maps from
BRAMS fields;

• C2 – Interactivity: support for zoom, pan, layer tog-
gling, and user exploration in a web interface;

• C3 – Integration effort: complexity of integrating each
library into the Streamlit-based application;

• C4 – Output suitability: adequacy for the target use
cases, including publication-style static outputs and in-
teractive web dissemination.

Each library was evaluated qualitatively against these
criteria using the same input data and comparable map prod-
ucts. The assessment procedure prioritized alternatives that
simultaneously satisfied contour-rendering requirements (C1),
interactive web delivery (C2), and manageable integration
effort (C3), while still producing outputs suitable for dissemi-
nation and reporting (C4). Under this framework, the selected
combination was derived from explicit cross-criterion trade-
offs rather than from isolated visual preference.

4 Results and Discussion
Python was adopted as an alternative for visualizing the meteo-
rological fields of the BRAMS numerical model. Its usage,
widely recognized in data science projects due to its diverse
libraries, significantly facilitated the learning curve for any
developer joining the project.

During the project’s development, we analyzed and se-
lected appropriate libraries for manipulating and visualizing
atmospheric data. This process included defining the neces-
sary library adaptations and automating the work for reading
the BRAMS data.

Developing a web application for manipulating and vi-
sualizing meteorological data became simpler and more agile
with the adoption of the Python-based Streamlit framework,
which allows easy integration of various processing and visu-
alization libraries. We tested and evaluated various graphical
libraries to determine the optimal visualization method for
the meteorological fields.

The selection of appropriate software tools is a critical
step in the development of a Meteorological Visualization
System. This selection process is governed by the specific re-
quirements of each architectural layer: the Static Geo-analysis
Layer, which demands high cartographic precision, and the
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Interactive Dissemination Layer, which prioritizes user en-
gagement and web accessibility.

The comparative analysis showed distinct trade-offs
among Cartopy, Plotly, Bokeh, and Folium when applied
to BRAMS outputs. The main differences emerged in projec-
tion fidelity, contour-map integration, and level of interactive
web usability.

Table 2 provides a technical summary of this evaluation,
highlighting the specific advantages and limitations encoun-
tered during the prototyping of atmospheric data visualiza-
tions. The comparison specifically focuses on the libraries’
capacity to render meteorological contours and their compati-
bility with standard geographic projections.

Figure 6 illustrates the Streamlit-based user interface for
accessing and configuring meteorological variables. It allows
users to select a variable, define its atmospheric level, and
adjust its opacity through interactive selectors and sliders. The
figure shows an example configuration in which the relative
humidity (rh) variable and the 550 millibar (mb) atmospheric
level are selected.

Figure 6. Data control menu.

For this variable, atmospheric levels are plotted from
100 to 1000 mb at 50 mb intervals. Figure 7 illustrates the
command-line interface (CLI) output after selecting the vari-
able and its atmospheric level.

Figure 7. Command line interface output.

Out of the four visualization libraries initially analyzed,
we opted to use Cartopy in conjunction with Matplotlib to
integrate and plot the collected data. This initial test success-
fully enabled a visualization of a map featuring a contour plot
of the generated data.

However, a key limitation of this approach is that the
resulting plot is static, which prevents user interaction. Fig-
ure 8 illustrates the output produced with the Cartopy and
Matplotlib combination.

Figure 8. Visualization with Cartopy and Matplotlib.

We tested the Plotly library, which enabled the creation
of interactive maps and contour plots. However, integrating
both elements was not feasible, resulting in the map being
overlaid on the contour plot (Figure 9).

Figure 9. Visualization with Plotly.

The Bokeh library provides the functionality to plot the
map. However, in the version used in this study, it did not
include a native function for contour plotting. As a result,
only the base map was produced, as shown in Figure 10.

Map creation for visualizing spatial data was optimized
using Folium with OpenStreetMap as the base layer. Data
exploration was enhanced by adding zoom and full-screen
controls, and a grid overlay was integrated into the main
visualization.

Contour plots were generated with Matplotlib and then
converted to GeoJSON using the geojsoncontour library. The
resulting GeoJSON layer was overlaid on the base map, pro-
ducing an interactive visualization that displays the generated
contour field (Figure 11).

In addition, PNG (Portable Network Graphics) export
was implemented to support use on web-based platforms.
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Table 2. Comparison of visualization libraries evaluated in this study.
Library Version Core Advantages Technical Limitations
Cartopy 0.20.3 Robust support for geospatial projections (e.g., Plate-

Carrée); seamless integration with Matplotlib for
publication-quality static maps.

Lacks native dynamic interactivity; limited to static
output formats (PNG, PDF, SVG).

Plotly 5.8.0 High-level interactive API; supports complex hover
effects and web-ready animations using Scattergeo and
Contour traces.

Significant challenges in layering diverse data types;
contour plots often obscure underlying base maps
rather than blending.

Bokeh 2.4.3 Optimized for high-performance web interactivity; sup-
ports various tile providers like CartoDB Positron.

No native high-level function for meteorological
contouring; requires custom patches or external pre-
processing.

Folium 0.14.0 Seamless integration with Leaflet.js; supports Open-
StreetMap tiles and GeoJSON overlays for lightweight
web dissemination.

Does not natively calculate contours; requires a
multi-step pipeline (Matplotlib → geojsoncontour
→ Folium) for spatial analysis.

Figure 10. Visualization with Bokeh.

Figure 11. Visualization with Folium, geojsoncontour and Matplotlib.

5 Conclusion
During development, we observed that several widely used
libraries, including Cartopy, Plotly, and Bokeh, did not fully
satisfy the project’s objectives for map generation. Cartopy,
for example, did not provide the required level of interac-
tivity, while Plotly and Bokeh could not effectively display
meteorological field data alongside the map interface.

In contrast, the combination of Folium, Matplotlib, and
Geojsoncontour proved highly effective for generating maps
that incorporated the required meteorological field data. In
addition, the Streamlit framework enabled the development of
a simple, intuitive web interface for displaying and accessing
the maps.

This study has some limitations that should be acknowl-
edged. First, the evaluation was primarily qualitative and
focused on functional behavior observed during prototyping
rather than on a formal quantitative benchmark. Second, the
experiments were conducted on a limited set of case studies
and visualization scenarios, which may not fully represent
all BRAMS operational contexts, variable types, and perfor-
mance constraints.

Future work can extend this contribution along three
directions. One direction is to add quantitative evaluation
criteria, such as rendering time, memory consumption, inter-
action latency, and reproducibility across datasets. Another is
to integrate the selected pipeline into automated operational
workflows, including scheduled processing and continuous
delivery of updated products. A third direction is to expand
deployment to richer web dashboards and cloud-based envi-
ronments, improving scalability, multi-user access, and long-
term maintainability.

Overall, the project delivered both a simplified inter-
active web application for map visualization and a detailed
comparison of Python libraries for the BRAMS model. The
selected approach makes data manipulation and analysis sig-
nificantly more accessible, reducing the need for prior pro-
gramming knowledge among end users.
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