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Abstract
The increasing availability of long-term climate datasets has opened new opportunities for data-driven analysis.
Yet, these datasets are often distributed in formats such as NetCDF that remain difficult to query, integrate, and
reuse beyond specialized workflows. The E-OBS gridded observational dataset (1950–2024), for example, provides
valuable climate information across Europe, yet its use typically requires domain expertise and custom scripting,
limiting accessibility for broader communities. To mitigate this issue, we present EOBS-KG, a knowledge graph
(3.2 billion triples) that provides E-OBS data as a semantically structured and queryable resource. Observations
are represented as instances linked to geo-referenced grid cells, with measurement results encoded as structured
quantities and organized into observation collections. We demonstrate the utility of the knowledge graph through
the EOBS-Agent, an LLM-based agent that enables natural language querying of the EOBS-KG via a structured
planning–query–execution–verbalization workflow. We release 1) the EOBS-KG, 2) the Python-based pipeline for
the knowledge graph generation, and 3) the code of the EOBS-Agent, both as a script and as a Docker container.
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1. Introduction

The increasing availability of long-term climate datasets has opened new opportunities for data-driven
analysis. Yet, these datasets are often distributed in formats such as NetCDF that remain difficult to
query, integrate, and reuse beyond specialized workflows. Concurrently, large language models (LLMs)
have opened up new opportunities for information retrieval. There are several opportunities for fruitful
work at the intersection of LLMs and knowledge graphs. The most relevant for the current article is
that knowledge graphs can provide context to LLMs for retrieval-augmented generation, helping LLMs
(partially) mitigate their well-known difficulties with numerical values [1]. Applications such as Climate
Bot [2], ChatClimate [3], and ClimateChat [4] exist for general-purpose question answering (QA) in the
context of the climate domain. However, the primary source of information for these applications has
been web documents [4], reports [2, 3, 4], and academic papers [2, 3, 4]. The use of real-world datasets
as information sources has, so far, received little attention, and the knowledge graph introduced in this
work intends to address this gap. Through the enrichment of raw data with semantic annotations, it
provides a starting point for factoid QA and analytical QA (and hence novel interfaces that facilitate the
collection of evidence about the climate state in Europe). In line with Mai et al [5], factoid QA addresses
questions whose answers are facts that can be looked up in a knowledge base; analytical QA addresses
questions that require analytical workflows (i.e. chaining of computations) to arrive at an answer.

The work done in this article is in line with the argument that smart data opens up novel applica-
tion scenarios [6]. More concretely, a knowledge graph of climate observations provides structured,
semantically-rich data about climate observations, and hence facilitates scientific data reuse by ma-
chines. This comes with three benefits. First, the knowledge graph can be used as a benchmarking
source while testing new approaches for (analytical) geographic question answering in the Semantic
Web. Second, the dataset can provide an additional source that (LLM) agents can use for fact-checking,
mitigating the often-quoted hallucination problem. Third, a knowledge graph of climate observations -
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combined with an LLM agent - enables basic information extraction through natural language, making
the information in these scientific datasets accessible to non-experts, in addition to trained profes-
sionals. This is particularly important for climate observations, since currently the interaction with
these datasets happens primarily through interactive visualizations (for examples see [7, 8]), scripting
and programming interfaces (e.g. [9]). The long-term vision of this work is a knowledge graph of
interconnected (climate) observations about the planet that can be leveraged to gather and synthesize
evidence about changes in the environment. As a starting point, the E-OBS dataset [10, 11] is taken
as an example. The main contributions of the work are 1) EOBS-KG, a knowledge graph of numerical
facts from 1950 to 2024 about climate observations in Europe, and 2) an Agent that uses that knowledge
graph to facilitate natural language question answering about climate observations in Europe.

2. The EOBS Knowledge Graph

2.1. Data source

The EOBS-KG is built upon the E-OBS dataset [10, 11] (version 31.0), a widely used gridded observa-
tional climate dataset covering Europe. The E-OBS dataset is produced within the European Climate
Assessment & Dataset (ECA&D) initiative. E-OBS combines station-based measurements with interpo-
lation techniques to generate spatially continuous climate observations on a regular latitude–longitude
grid, making it suitable for large-scale and long-term climate analysis. The data are distributed in
NetCDF [12] (Network Common Data Form) format, which is commonly used for storing multidi-
mensional scientific data. In this format, observations are organized along three main dimensions:
time, latitude, and longitude. In this work, we use the dataset at a spatial resolution of 0.1°, which
provides detailed coverage across the European region. The complete temporal range of the dataset,
from 1950 to 2024, is included, and all available variables in the archive were considered. The focus on
the machine-interpretable representation of numerical observations for a specific region is what sets
the current work apart from previous climate-related knowledge graphs and ontologies, for instance:
the Climate Change Knowledge Graph [13] (focus: model-based climate projections), LinkClimate [14]
(focus: integration of datasets from different sources), and [15] (focus: provenance assessment).

(a) (b)

Figure 1: (a) E-OBS Data Model. (b) Transformation pipeline from NetCDF to RDF.

2.2. Transformation: Ontologies and Data Model

We reuse several well-known ontologies to ensure semantic interoperability (see Figure 1a). The SOSA
ontology [16] provides the core structure for modeling observations, sensors, observable properties,
and results. Measurement values are represented using the QUDT ontology [17], enabling standardized
representation of quantities and units. Spatial information is modeled using the GeoSPARQL Ontology
[18] and coordinates are represented using Well-known Text (WKT) [19]. Observable properties are
aligned with the Climate and Forecast (CF) standard name vocabulary [20], ensuring consistency with
domain-specific semantics in climate science. The transformation pipeline (Figure 1b) makes use of
the Extensible Observation Ontology (OBOE) [21] to represent observation collections. Standard RDF,
RDFS, and XML Schema (XSD) vocabularies are used for typing, labeling, and datatype definitions.



The knowledge graph adopts a consistent URI scheme to uniquely identify all resources. As
part of the transformation pipeline, URIs are generated programmatically, primarily using vari-
able names, spatial coordinates, and timestamps. Observations are identified using the pattern
eobs:{var}_{lat}_{lon}_{timestamp}, where latitude and longitude values are formatted to two
decimal places and the decimal point is replaced by the character p, to avoid invalid characters
(e.g. decimal points) in URIs. Grid cells, representing spatial features of interest, are defined us-
ing the pattern grid_:{lat}_{lon}. The naming for observation collections follows the pattern
eobs:eobs_{var}_{start_year}_{end_year}, where each resource represents a collection of obser-
vations grouped by a specific climate variable and temporal range. The transformation pipeline is
implemented in Python and converts NetCDF data into RDF triples through a sequence of processing
steps. The pipeline was executed on a high-performance computing (HPC) environment using parallel
processing across multiple compute nodes to handle the large volume of climate data. The complete
transformation of the E-OBS dataset resulted in approximately 3.2 billion RDF triples and required
continuous execution over a period of approximately three days (72 hours). The use of distributed
computation was essential to achieve this scale of transformation within a practical timeframe.

2.3. Resource: The EOBS Knowledge Graph

The graph includes five observable properties (precipitation_amount,
surface_downwelling_shortwave_flux_in_air, air_temperature, relative_humidity, and
wind_speed) and contains 3,275,869,149 RDF triples about climate observations across Europe
(Table 1). The graph includes 363,964,049 instances of sosa:Observation, each representing a
spatio-temporal climate measurement. These observations are linked to 4,416 distinct grid cells,
which represent fixed spatial locations across Europe. The graph further includes 99 instances of
oboe:ObservationCollection, grouping observations by variable and temporal range.

Accessibility. To facilitate reuse, the data is made available in multiple forms. The dataset is provided
as RDF dumps in Turtle format, organized into temporal batches corresponding to five-year intervals. In
addition, the knowledge graph is accessible through a SPARQL endpoint. The transformation pipeline,
supporting scripts, and configuration files are also shared to facilitate reuse and further development.

Licensing. As mentioned above, the knowledge graph is derived from the E-OBS dataset, which is
provided through the European Climate Assessment & Dataset (ECA&D). The E-OBS dataset’s terms of
use stipulate that they “are strictly for use in non-commercial research and education projects only” [11].
Hence, the EOBS Knowledge Graph is released under CC BY-NC-SA 4.0 (Attribution-NonCommercial-
ShareAlike 4.0 International) in line with the original restrictions.

Table 1
Summary statistics about the knowledge graph.

Metric Value Number of observation/variables Value
Total RDF triples generated 3,275,869,149 Precipitation 63,804,831
Total processing time ∼72 hours Mean Temperature 188,908,067
Number of observations 363,964,049 Relative Humidity 45,645,936
Number of grid cells (lat/lon as geo:Geometry) 4,416 Radiation (Shortwave Flux) 38,523,987
Number of observation collections 99 Wind speed 27,081,228

3. Evaluation

We demonstrate the value of the knowledge graph through two use cases. First, we implement and
test an LLM-based agent for question answering over European climate observations, showing thereby
the usefulness of the knowledge graph for automated (geographic) question answering. Second, we



show how the knowledge graph can be leveraged for federated search through examples of queries that
combine information from the EOBS knowledge graph with that from external sources (Wikidata).

3.1. Usage 1: LLM Agent

The EOBS-Agent enables natural language access to the EOBS Knowledge Graph through a LangGraph-
based architecture. The system integrates a web-based frontend (see Figure 2) with a backend workflow
that orchestrates query planning and query execution, and answer verbalization. The interaction
with the frontend and the backend happens through an API. Query interpretation happens through
a template-based design, that is, the agent selects an appropriate SPARQL query template from a
predefined set. This template-driven design (as opposed to approaches such as SPARQLGen [22],
Chain-of-thought Prompting [23], or in-context-learning [24], aiming at general solutions to the Text-
to-SPARQL translation problem) ensures controlled query generation and reduces the risk of producing
invalid or unsupported queries for a specific use case. To test the EOBS-Agent, we use a set of competency
questions, following existing strategies for ontology evaluation [25, 26]. At this stage, the evaluation is
theory-based; that is, the evaluation questions were designed based on the (visual) information-seeking
mantra [27]: overview-first, then zoom-and-filter, then details-on-demand. As discussed in [27], gaining
an overview of the entire collection, zooming in on items of interest or filtering out uninteresting items,
and selecting an item or group to get details when needed, are core tasks during data exploration. The
current evaluation set contains 16 question types and 48 questions. A test case was created for each
question type, and each test case includes three semantically equivalent variations of a natural-language
question, an expected SPARQL template, expected coverage items, a category, and a difficulty label.
Examples of question types are shown in Table 2. The evaluation assessed both average execution time
and success rate for the natural language queries, averaged over five runs. For each run, a question
was randomly selected from the three available formulations for a test case. Two different approaches
were used to estimate the success rate: LLM-as-a-Judge [28] (i.e. compare bindings and questions to
see if the answer has likely been successful) and manual assessment. The model used for the agent
is gpt-4o-mini, while the model used to evaluate the results is gpt-5.4-nano. The average execution
time was 30.71s (range: [1.38s – 61.11s]). The average accuracy rate was [LLM-as-a-Judge] 80% (range:
[68.8% - 87.5%]) and [manual inspection] 90% (range: [81.2% - 100%]). The reason for these discrepancies
is that the LLM-Judge often marked missing information as ‘errors’ if the SPARQL query lacked an
explicit projection of a relevant variable (e.g. “The query is intended to provide an overview of climate
observations for 2024, but the data returned does not specify that it is for the year 2024”). The most
common causes of failures include difficulty interpreting queries lacking keywords related to the five
variables (e.g. “What was the wettest month in 2023?”) because query interpretation currently uses
a keyword-based approach, and timeouts for queries such as “Show temperature patterns decade by
decade from 1950 to 2024”, which require lots of triples from the SPARQL endpoint to compile an answer.
We are currently exploring LLM-based approaches to increase robustness during interpretation.

3.2. Usage 2: Federated Search

A second value of the EOBS Knowledge Graph is its support for federated search. The agent architecture
uses two SPARQL endpoints: the EOBS endpoint as the primary source for climate observations and
Wikidata as a secondary source for contextual information. Two federation patterns are supported.
In the first pattern, Wikidata is used before querying the EOBS endpoint to resolve place names into
geographic coordinates. These coordinates are then matched to the nearest EOBS grid cell. In the second
pattern, EOBS query results are enriched after execution with contextual information from Wikidata,
such as geographic descriptions or entity metadata. The federation design is fault-tolerant. If Wikidata
is unavailable or does not return a result, the EOBS query can still be executed. The system also keeps
source attribution explicit: observational values are always retrieved from the EOBS Knowledge Graph
and are never replaced by values from Wikidata. This separation is important for maintaining scientific
traceability. The example below illustrates the Wikidata → EOBS workflow.



Figure 2: Examples of queries and answers from the LLM Agent. Left: natural language query and answer;
Right: expanded menu to see query processing steps and the SPARQL query sent to the triple store.

Table 2
Selected questions by category and SPARQL query templates for the category. The coloring indicates the
assignment to the three distinct cognitive operations: overview , zoom and filter , and details-on-demand .

Category Question/Query SPARQL Query Template
Overview What variables are available? list_properties
Overview List all locations of observations available list_features_of_interest
Overview Give me an overview of climate observations for 2024 all_properties_summary
Aggregation (Multi-year) Show me wind speed trends for the last 5 years timeseries_statistics
Aggregation (single-year) Calculate temperature statistics for 2024 timeseries_statistics
Aggregation (mean-year) What was the average temperature in 2020? average_for_property_date_range
Aggregation (mean-month) Show monthly temperature averages for 2022 monthly_aggregates
Aggregation (mean-day) What are daily humidity averages for March 2000? daily_aggregates
Nested-aggregation What was the mean daily temperature in 2001? monthly_mean_from_daily
Extreme-values What were the highest temperature values in 2023? top_extremes_for_property
Subsampling Show me some sample observations sample_observations
Filtering (threshold) Find temperature readings above 30 degrees in Summer 2024 filtered_timeseries
Filtering (range) Find precipitation values below 12 mm and above 10 mm in 2001 filtered_timeseries
Location-based What are grids near lat: 67.8, lon: 20.3 features_near_coordinates
Location-based What was the weather like in France during 1985? location_based_summary
Location-based Compare temperature across different grid points in 2019 timeseries_statistics_by_feature

Example of question: “Show me climate data about Berlin during July 2024.” The agent answers
the question in two steps. First, Wikidata is used to resolve a place name into geographic coordinates.
Second, the EOBS Knowledge Graph is queried for observations at the corresponding grid-cell level.
Step 1: Resolve the place name using Wikidata. The agent queries Wikidata to resolve the

location name into geographic coordinates. With “Berlin” as an exemplary place name, the query
returns the Wikidata entity Q64, latitude 52.52, longitude 13.38, and the label “Berlin”.

SELECT ?item ?itemLabel ?lat ?lon ?sitelinks
WHERE { ?item rdfs:label "Berlin"@en .

VALUES ?instanceClass { wd:Q515 wd:Q486972 wd:Q1093829 wd:Q15284
wd:Q3957 wd:Q532 wd:Q131168 wd:Q10742 wd:Q1549591
wd:Q84 wd:Q16110 wd:Q1337818 wd:Q2615557 }

?item wdt:P31/wdt:P279* ?instanceClass .
?item wdt:P625 ?coords .
BIND(geof:latitude(?coords) AS ?lat)
BIND(geof:longitude(?coords) AS ?lon)
OPTIONAL { ?item wikibase:sitelinks ?sitelinks . }
SERVICE wikibase:label { bd:serviceParam wikibase:language "en". }}

ORDER BY DESC(?sitelinks) LIMIT 1



Step 2: Query the EOBS Knowledge Graph. The agent finds the nearest grid to the resolved
location (i.e. grid_47p88_13p62) using the coordinates of the grid and the great circle distance. The query
below is then executed using cf:air_temperature as an observedProperty, and a FILTER operation to
select values between July 1 and July 31, 2024.

SELECT (COUNT(?obs) AS ?count) (AVG(?value) AS ?avgTemp) (MIN(?value) AS ?minTemp)
(MAX(?value) AS ?maxTemp) (SAMPLE(?unit) AS ?unit)
WHERE { ?obs a sosa:Observation ;

sosa:observedProperty cf:air_temperature ;
sosa:hasFeatureOfInterest eobs:grid_47p88_13p62 ;
sosa:hasResult ?result;
sosa:resultTime ?time.

?result qudt:numericValue ?value .
OPTIONAL { ?result qudt:unit ?unit }
FILTER ( ?time >= "2024-07-01T00:00:00"^^xsd:dateTime && ?time < "2024-08-01T00:00:00"^^xsd:dateTime )}

The query shown above returns 93 temperature observations for July 2024. The average temper-
ature is 19.92 °C, the minimum temperature is 9.64 °C, and the maximum temperature is 30.36 °C.
The unit is unit:DEG_C. The agent then verbalizes the result as: “Found nearest observation station
’grid_47p88_13p62’ (516.2 km from Berlin) via EOBS geometry graph. During July 2024 in Berlin, the aver-
age air temperature was 19.93 °C, with a range from 9.64 °C to 30.36 °C (n=93). The average precipitation
amount was 3.27 mm, with a range from 0.00 mm to 13.10 mm (n=31). The average relative humidity
was 77.46%, ranging from 67.10% to 92.50% (n=31)”. In sum, this example demonstrates a Wikidata →
EOBS workflow: Wikidata supports geographic interpretation of the user input, while the climate
measurements are retrieved from the EOBS Knowledge Graph.

4. Conclusion and Future Work

This work has introduced EOBS-KG, a knowledge graph (3.2 billion triples) of European climate
observations covering the time period 1950-2024. The usefulness of the graph was highlighted through
the EOBS-Agent, an LLM-based Agent that enables natural-language querying of the graph and an
example of federated search involving Wikidata. A limitation worth mentioning at this point is that
while the pipeline to generate triples from NetCDF data is automated, the first step of downloading the
NetCDF data is still a manual endeavor, as the datasets are only available through the e-obs website at
the moment. Future work can explore going beyond the simple questions answered currently to build
agents to answer more complex analytical questions on European climate observations.

Data and Software availability. A dump of the EOBS Knowledge Graph is accessible at https:
//doi.org/10.34740/kaggle/dsv/18498229. The whole graph can also be queried through a triple store at
https://w3id.org/climateobservations/eobs-v31. The script for the transformation pipeline (NetCDF to
RDF turtle) can be found at https://github.com/ammar450/eobs-pipeline. The script for the EOBS Agent
can be accessed at https://github.com/ammar450/climate-chat-agent, and a short demo of the agent
(Version 1: August 2026) can be found at https://youtu.be/Xo6CJ-zXorw.
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