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Abstract

Weather forecasting is not only a predictive task but an in-
terpretive scientific process requiring explanation, contextu-
alization, and hypothesis generation. This paper introduces
AI-Meteorologist, an explainable LLM-agent framework that
converts raw numerical forecasts into scientifically grounded
narrative reports with transparent reasoning steps. Unlike
conventional forecast outputs presented as dense tables or un-
structured time series, our system performs agent-based anal-
ysis across multiple meteorological variables, integrates his-
torical climatological context, and generates structured ex-
planations that identify weather fronts, anomalies, and lo-
calized dynamics. The architecture relies entirely on in-
context prompting, without fine-tuning, demonstrating that
interpretability can be achieved through reasoning rather than
parameter updates. Through case studies on multi-location
forecast data, we show how AI-Meteorologist not only com-
municates weather events but also reveals the underlying at-
mospheric drivers, offering a pathway toward AI systems that
augment human meteorological expertise and support scien-
tific discovery in climate analytics.

Code —
https://anonymous.4open.science/r/ai-meteorologist/

1 Introduction
Large Language Models (LLMs) are increasingly being ap-
plied in meteorology, showing promise in tasks ranging from
climate question-answering to tailored forecast advice (En-
gelmore and Morgan 1986). However, translating raw mete-
orological data into actionable insights presents significant
challenges. Traditional approaches often neglect to convert
numerical variables into interpretable narratives of events
and their consequences (Engelmore and Morgan 1986).
While existing systems focus on extracting insights from
textual corpora or generating brief recommendations, they
fail to address the end-to-end processing of structured nu-
merical forecast data with rich contextual reasoning (Peláez-
Rodrı́guez et al. 2024). We identify two main challenges:

Meteorological Knowledge Gap: Most LLMs lack un-
derstanding of meteorological contexts, including parameter
relationships, atmospheric processes, and regional climatol-
ogy. Without essential background information, LLMs can-
not provide a meaningful analysis of forecast data.

Complexity of Weather Data: Weather forecasts involve
multiday, high-frequency predictions across numerous pa-
rameters. The LLM must understand temporal dependencies
and parameter interactions for accurate interpretation.

In response to these challenges, we propose AI-
Meteorologist, a modular agent-based system that trans-
lates numerical weather forecasts into structured natural lan-
guage reports with visualizations. The system employs mul-
tiple specialized LLM agents to process structured forecast
data, reason about emerging weather patterns, and generate
human-readable, explainable reports. By decomposing the
task into specialized steps, AI-Meteorologist enables inter-
pretation of detailed forecasts while addressing the scale of
the data and the need for trustworthy explanations.

2 Related Work
LLM-agent systems for scientific reasoning. Recent
work has demonstrated the emergence of LLM-agent sys-
tems as a new paradigm for scientific reasoning. Early
systems such as AutoGPT (Significant-Gravitas 2023) and
MetaGPT (Hong et al. 2023) introduced autonomous multi-
agent collaboration frameworks, while AutoGen (Wu et al.
2024) formalized conversational agent orchestration for
complex analytical tasks. In scientific domains, ChemCrow
(M. Bran et al. 2024) and AI Scientist (Lu et al. 2024)
demonstrated how LLM agents can autonomously design
experiments, retrieve literature, and validate hypotheses.
These systems collectively illustrate the growing shift from
static language models to interactive, tool-augmented scien-
tific agents capable of structured reasoning and knowledge
generation.

LLMs in meteorology and weather forecasting. Recent
work has begun leveraging LLMs to translate structured me-
teorological data into human-interpretable weather narra-
tives and interactive tools. For example, ECMWF’s DestinE
chatbot (ECMWF 2025) to make high-resolution weather
and climate data accessible via conversational interfaces,
CLLMate (Li et al. 2024) to enable event-based forecasting
of weather and climate phenomena in text form, and GPT-
based forecasting (Franch et al. 2025) to perform precipita-
tion nowcasting by tokenizing radar imagery and generating
ensemble forecasts via language-model driven frameworks.
More recent works have explored LLM-agent frameworks
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that integrate iterative querying, reflection, and domain-
specific validation to improve the scientific accuracy and ro-
bustness of weather reports (Varambally et al. 2025).

3 System Description
The system employs a modular agent-based LLM architec-
ture designed for the automated generation of explainable
weather forecast reports from structured prediction data. Op-
erating as a pipeline of specialized agents, each component
handles the distinct aspects of transforming raw meteoro-
logical input into human-readable bulletins. Implementation
leverages the GPT-4o API and processes high-resolution
time-series data retrieved from the OpenWeather One Call
2.5 API, providing hourly forecasts up to five days ahead.

Data Acquisition and Preprocessing. The pipeline be-
gins with data acquisition for a selected location, retrieving
forecast time series via the OpenWeather API. This includes
more than ten meteorological parameters, including temper-
ature, humidity, wind, precipitation, and visibility at a reso-
lution of one hour. The system simultaneously gathers con-
textual information, comprising geographic metadata from
OpenStreetMap (such as region type and urban/rural classi-
fication) and climatological norms from the Meteostat API,
specifically 20-year monthly averages of temperature and
precipitation. All collected data are serialized into a struc-
tured EXTERNAL INFO block and propagated downstream
to the reasoning agent.

Meteorologist Agent. The core analytical component
generates a structured output containing four key fields: a
natural language summary outlining expected weather evo-
lution; a causal explanation grounded in meteorological rea-
soning; a self-assessed confidence level; and warnings de-
scribing potentially hazardous or anomalous conditions de-
tected through deviation from climatology.

Writer Agent. Building on the meteorologist’s output,
the Writer agent creates the report’s textual structure: a title
(location/parameters), an introduction synthesizing outlook
with summary, proof, and warnings, and a weather params
block with key variable descriptions. The text emulates offi-
cial bulletins, optionally incorporating user preferences.

Illustrator Agent. Based on the selected parameters, this
agent generates Python code using matplotlib to produce
plots of forecast data such as temperature, wind, and pre-
cipitation, ensuring that visual representations align with the
textual narrative.

Report Compilation and Output. The final report inte-
grates all content blocks into a structured PDF document,
comprising a general synopsis, detailed forecast summary
and reasoning, visual plots, and optional warnings with cli-
matological comparisons. This comprehensive output pro-
vides users with both textual explanations and visual repre-
sentations of the forecast data.

Sample Prompt: You are a professional meteorologist
tasked with interpreting a time series of weather data for a
specific location. Your goal is to write a clear, concise, and
scientifically grounded summary of the weather conditions
over the given period.

Figure 1: Interaction of individual system modules for gen-
erating weather reports. Core workflow is supported by
weather APIs, file management, visualization capabilities,
and end-to-end report generation.

You must: - Describe the evolution of key meteorologi-
cal parameters such as temperature, wind, precipitation, hu-
midity, and pressure over time. - Identify and explain sig-
nificant *weather phenomena*, including heat waves, cold
fronts, thunderstorms, or abrupt changes in conditions. -
Highlight temporal *trends*, such as warming, cooling, in-
creasing cloudiness, or shifting wind directions. - Provide
*interpretive insights*, not just numerical repetitions — de-
scribe what the numbers imply about the atmosphere. - If
provided, use climatological normals or geographic context
to comment on anomalies (e.g., “unusually cold for this re-
gion”). - Avoid simply listing values or copying table entries.
Instead, synthesize the data into meaningful meteorological
observations. - Use CLIMATOLOGY INFO from input data
for describing anomaly events.

Use formal meteorological language but remain under-
standable to non-specialists. Structure your output in coher-
ent paragraphs, typically 4–6 sentences, covering the full
time period.

You are NOT generating a forecast. You are summarizing
and interpreting **past or present** observed or modeled
weather data.

4 Results
We evaluate the AI-Meteorologist system on real-time
multi-parameter forecast data across coastal, inland, and
high-altitude locations to assess its ability not only to gen-
erate reports, but to conduct interpretable scientific reason-
ing. Figure 1 illustrates the interaction between the agent
modules during inference, and Figure 2 presents an example
forecast report automatically generated without fine-tuning.



Figure 2: Example of a report generated by the system with meteorological insights, detailed multi-parameter forecasts, and
time-series visualizations of key weather variables.

Across all test cases, the system consistently identified
key meteorological phenomena through explainable diag-
nostic reasoning steps. For a coastal location (Synoptic Front
Detection) the agent detected an approaching cold front by
jointly analyzing pressure gradients, wind direction rotation,
and a rapid decrease in temperature. Rather than merely re-
porting numerical changes, the system generated a scientif-
ically grounded explanation describing how frontal bound-
aries form due to interactions between maritime and con-
tinental air masses. It further contextualized the event us-
ing local climatological baselines and automatically gener-
ated a confidence score indicating forecast reliability. This
demonstrates the system’s ability to move beyond narrative
reporting toward hypothesis-driven meteorological interpre-
tation. For an inland region (Anomaly and Hazard Reason-
ing), the system identified anomalous precipitation by com-
paring short-term forecasts with long-term climatological
percentiles. The agent explained the deviation from expected
seasonal patterns and issued a data-driven risk statement re-
garding potential flooding. Importantly, the explanation in-
cluded its reasoning chain, referencing historical anoma-
lies and presenting the conclusion as a structured argument
rather than a black-box output.

These results demonstrate that the AI-Meteorologist is not
merely a language interface, but a reasoning-capable sci-
entific assistant. By combining hierarchical interpretation,
semantic keyword extraction, and climatological knowl-

edge integration, the system provides transparent and repro-
ducible insights—fulfilling the goals of explainable AI for
advancing scientific understanding of weather systems.

5 Discussion
The AI-Meteorologist system demonstrates several key ad-
vances in automated weather forecasting and explanation.
First, it addresses the critical challenge of translating dense
numerical meteorological data into human-interpretable nar-
ratives without requiring domain-specific fine-tuning of the
underlying LLM. This approach significantly reduces the
computational resources and expertise typically needed for
specialized AI-weather systems (Zhang et al. 2025).

Second, the system’s modular agent-based architecture
provides flexibility and extensibility, enabling incremen-
tal improvements without disrupting the overall workflow.
Third, the integration of multiple data sources enables com-
prehensive contextual reasoning that references both imme-
diate weather patterns and the long-term climatic context.

However, several limitations warrant consideration. The
performance of the system depends on the quality and cov-
erage of the underlying APIs and data sources. Additionally,
while the current implementation demonstrates strong capa-
bilities in generating textual explanations, the quantitative
evaluation of forecast accuracy and explanation quality re-
mains an area for future work.



Conclusion
We presented AI-Meteorologist, a modular LLM-agent sys-
tem designed to generate explainable weather forecast re-
ports from structured meteorological data. Our approach in-
tegrates time-series reasoning, climatological context, and
geospatial metadata to produce high-quality bulletins that go
beyond numerical repetition, offering interpretability, causal
justifications, and warnings about anomalous conditions.

Our demonstration illustrates that even general-purpose
LLMs, such as GPT-4o, can reason over dense hourly fore-
cast tables when provided with properly serialized inputs
and structured prompts. The modularity of our architecture
allows for extensibility, including multilingual support, user-
driven customization of the report structure, and incorpora-
tion of additional forecast sources.

Future directions include comparative evaluation of gen-
erated reports against human-authored bulletins, integra-
tion with probabilistic ensemble data, and exploration of
self-refinement loops for improved robustness. By bridg-
ing the gap between raw meteorological data and human-
interpretable explanations, AI-Meteorologist represents a
significant step toward more accessible and trustworthy au-
tomated weather forecasting systems.
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Supplementary Material

Figure 3: Schematic overview of the weather report generation process.


