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Abstract

Data volumes across scientific domains are increasing rapidly, driven by advances
in simulation, observation and data-driven modelling. In meteorology in particular,
kilometre-scale numerical weather prediction and high-frequency machine learning
models produce vast and continuously growing datasets. While this enables new
scientific insights, it also creates fundamental challenges for efficiently accessing and
delivering data. A key limitation lies in current data access approaches, which typ-
ically retrieve large data subsets from storage systems before applying application-
specific transformations, such as clipping. This model is increasingly inefficient
due to the mismatch between storage layouts, which are optimised for block-based,
partly sequential access on disk or tape, and user-driven access patterns, which are
often sparse and require fine-grained random access. At the same time, a grow-
ing diversity of users and applications demands more flexible and tailored data
extraction capabilities. These challenges motivate the need for fundamentally new
extraction paradigms that minimise unnecessary data movement while supporting
user-specific queries. This thesis introduces a new feature extraction framework,
which shifts data selection logic from the post-processing stage to the data access
layer. Instead of retrieving large data blocks and subsequently filtering them, the
proposed method computes the exact byte ranges required to satisfy a query in
advance, thereby significantly reducing I/O. At its core, the framework introduces
a generalised feature extraction mechanism, which first uses a geometric selection
algorithm to identify relevant data subsets and then directly retrieves only the nec-
essary bytes from backend storage, enabling highly efficient data access. The pro-
posed approach is implemented in a prototype system and evaluated on operational
meteorological datasets. Benchmarks show significant performance improvements
compared to existing extraction systems, including reductions in both data transfer
volumes, as well as I/O operations, by up to a few orders of magnitude. These re-
sults directly translate into lower computational load on backend systems and faster
delivery of application-ready data. Beyond regular gridded data, the framework is
extended to support unstructured grids without requiring assumptions on spatial
layout. Building on this, the approach is further generalised to arbitrary datacubes
with a new abstraction that captures complex multi-dimensional data spaces, such
as those typically encountered in modern Earth system science. Together, these
contributions form a unified and flexible feature extraction mechanism applicable
across a wide range of scientific datasets. The presented methods enable efficient,
scalable and user-centric data access, particularly in operational environments, such
as numerical weather prediction, and digital twin systems, such as the Destination
Earth initiative. More broadly, the concepts developed in this thesis are applicable
to other data-intensive scientific domains, where minimising data movement and
enabling precise on-demand access are critical for future workflows.
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1 Introduction

Weather forecasting plays an important role in modern society, from supporting
disaster risk management and improving agricultural planning to predicting future
energy demand. Over the past century, improvements in atmospheric science, nu-
merical methods and computing have gradually increased the skill and reliability of
forecasts [109, 103, 50]. These advances shape critical socio-economic decisions and
have a direct human impact, helping to prevent disasters and enabling early warning
systems that allow communities to better prepare for and adapt to environmental
change. To meet these needs, state-of-the-art Numerical Weather Prediction (NWP)
models, such as the Integrated Forecasting System (IFS) [119] developed by the Eu-
ropean Centre for Medium-Range Weather Forecasts (ECMWF), now generate large
volumes of data every day. While improving forecast accuracy remains essential, an
equally important challenge consists in efficiently delivering model output data to
users and downstream applications.
High-performance computing (HPC) and modern software infrastructure have long
underpinned weather forecasting and climate science. They not only enable detailed
simulations of the Earth system, but also support the large-scale data workflows
that happen after each model run [82, 79, 114]. As computational capabilities have
advanced, forecasting models have increased in both resolution and complexity. This
has led to a steady growth in the volume and diversity of generated data. Meet-
ing these demands depends not only on raw computational performance, but also
on software systems that can efficiently store, move and serve data across complex
computing environments. Recent developments, such as the European Union’s Des-
tination Earth digital twins [118, 42] and the growing use of machine-learning and
data-driven forecasting approaches, including systems such as DeepMind’s Graph-
Cast [65], further accelerate both data production and data distribution.
Data infrastructure and data management have therefore become central aspects in
modern forecasting workflows. As the amount of produced data continues to grow,
many existing software technologies and data pipelines are being pushed to their
limits. This steady increase in data volume is reshaping not only how forecasts
are produced, but also the computational and data management systems needed to
support them. Developing scalable and efficient solutions is therefore essential to
sustain future progress in weather and climate science.
More generally, these challenges arise in many areas of computer science and data
analysis, where increasing data volumes require new methods to access and process
large-scale datasets. Such datasets are often described as high-dimensional data
spaces, sometimes also referred to as datacubes, which characteristically span mul-
tiple coordinate dimensions such as space, time and additional variables. These
data spaces can moreover exhibit special properties and other complex behaviours,
such as conditional relationships between dimensions. As these data spaces grow,
it becomes increasingly difficult to work with them as a whole. Instead, a popular

1



approach is to focus on accessing specific subsets, or features, which are relevant to
a given application. These may correspond, for example, to sub-volumes defined by
regular regions or more complex irregular shapes, but can also involve more general
query patterns tied to application-specific structures. Supporting these flexible and
selective types of data access is therefore becoming an important consideration in
the design of scalable data processing systems across a wide range of domains.

1.1 Traditional NWP Data Systems

Modern NWP has its origins in the early 20th century, when researchers first consid-
ered solving the governing equations of the atmosphere numerically. This concept
became more popular with the emergence of digital computers after World War II,
leading to the first operational weather forecast systems. Since then, NWP has de-
veloped into a key application of HPC, with continuous advances in computational
capabilities enabling higher spatial resolution, more vertical levels, and more sophis-
ticated physical parameterisations.
Operational NWP systems generate a broad set of meteorological variables, such as
temperature, pressure, humidity and wind components, as gridded fields defined at
the surface and across multiple vertical layers of the atmosphere. These fields can be
viewed as individual slices of the atmosphere and are produced at regular forecast
intervals to form structured representations of the weather over time. In addition to
deterministic forecasts, ensemble prediction systems introduce multiple model runs,
called ensemble members, to represent forecast uncertainty and enable probabilistic
products.
In traditional operational workflows, these data are handled and distributed as com-
plete spatial fields using standardised formats such as GRIB, as defined by the
World Meteorological Organisation. Data access is therefore typically organised
around retrieving full variables for a given timestep or specific atmospheric layers,
reflecting a field-based view of the atmosphere. Classical forecast products, such as
timeseries, surface weather maps, upper-air charts, precipitation accumulations and
ensemble-based probability forecasts, are derived directly from these fields in batch-
oriented processing workflows. In this sense, weather forecasting has traditionally
been approached through the production, distribution, and interpretation of large
self-contained data fields, which has shaped both how data are accessed and how
forecast products are consumed.

1.2 A New Era of Weather Forecasting

Historically, Numerical Weather Prediction systems produced a limited number of
gridded variables at relatively coarse spatial and temporal resolution [85]. Over
time, advances in model physics and increasing resolution expanded the number of
prognostic and diagnostic fields, while the introduction of ensemble forecasting [45]
further multiplied output volumes. As a result, modern NWP systems now generate
orders of magnitude more data per forecast run than earlier models [9, 8], turning
data management from a secondary concern into a core operational challenge.
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In recent years, this trend has accelerated further. Higher-resolution models and the
emergence of machine-learning–based forecasting systems have significantly changed
how forecasts are produced and how much data they generate. Efforts to run
global models at kilometre-scale resolution, such as those in Destination Earth
[118, 42, 52, 49], nextGEMS [99, 91] and WarmWorld, contribute substantially to
this growth in output size. A single global field at this resolution can already require
several gigabytes per parameter and forecast step. With thousands of parameters
and around a hundred time steps per run, total forecast outputs can reach hundreds
of terabytes. At the same time, data-driven models such as Pangu-Weather [17],
GraphCast [65], FourCastNet [90] and AIFS [66] demonstrate that forecasts can
now be generated at unprecedented speed. These systems are capable of producing
large volumes of data much faster than traditional physics-based models, further
increasing demands on data handling and distribution. While the extent to which
this capability translates into operational requirements depends on the application,
with short-term forecasting benefiting from more frequent updates that help capture
rapidly evolving conditions and medium-range predictions generally requiring them
less, these developments highlight the potential to generate forecasts at an entirely
new scale and speed.
NWP output is also increasingly accessed alongside other data sources, including
Earth observations, climate projections and, potentially, high-frequency sensor and
IoT data. As a result, weather and Earth system science now exhibit the defining
characteristics of big data, which are high volume, high velocity and high variety
[35, 26, 101]. This marks a significant shift for a field that, for many years, operated
with relatively stable data workflows.
In parallel, the growing adoption of digital twins in Earth science introduces a second
major change. Projects, such as the European Union’s Destination Earth initiative
[118, 42] or the various Digital Twin of Earth [20, 7] models, promote interactive
systems in which data can be explored, combined and accessed dynamically. These
systems place users at the centre of the workflow and require infrastructure that
supports flexible, low-latency access to heterogeneous datasets. This differs from
the traditional paradigm in which forecasting systems primarily produced data in
fixed formats. In that model, most processing and data transformation were left
to the user. Modern systems instead aim to support user-centric workflows. Data
should be easy to access, understand and combine in different ways, depending on
the task. Supporting such workflows therefore requires a fundamental change of the
software technologies used in operational weather forecasting.

1.3 Emerging Data and Software Challenges

With the shift toward an era of big data, weather forecasting systems now face
challenges that were largely absent in earlier generations of NWP. A key factor un-
derlying these challenges is the nature of meteorological data itself, as well as the
operational context in which it is produced and used. Weather data is inherently
time-sensitive and its value rapidly decreases, whether it is used for disaster preven-
tion, which requires timely updates during unfolding events, or for energy demand
forecasting, which depends on fresh data to guide operational decisions. As a result,
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weather forecasting systems operate under strict time constraints to deliver data
reliably to users. Although this time sensitivity has always been a fundamental
characteristic of meteorological data, as data volumes and processing complexity
grow, meeting these timeliness requirements becomes increasingly difficult in prac-
tice.
At the same time, these meteorological data systems need to accommodate a user
base that is growing in size and diversity. In addition to traditional users such as
forecasters, a wider range of groups, including for example emergency and rescue
services as well as energy infrastructure operators, now require more direct access to
NWP data. Many users may access the same data simultaneously, often with strict
requirements on availability, robustness and performance. Systems must therefore
be both efficient and highly scalable. The rapid increase in the volume and velocity
of NWP output further increases the pressure on these systems, mainly by plac-
ing greater technical demands on data processing, transfer and overall performance.
Existing workflows face increasing difficulty to meet growing user demand for timely
and efficient access to data. This marks a point where traditional approaches begin
to reach their limits.
An additional challenge arises from the growing expectation that NWP systems
should better support user-centric workflows. Data should be accessible not only to
domain experts, but also to users with limited background knowledge and to down-
stream applications. However, NWP data is inherently high-dimensional and com-
plex, spanning many variables, spatial and temporal scales, as well as data sources.
This complexity makes it difficult for users to understand what data is available
and how best to access it. From a service perspective, user-centric workflows also
translate into a wide range of access patterns driven by diverse use cases, rather
than purely by the underlying degrees of freedom of the data. In particular, this in-
troduces several ways of querying and interacting with the data, which complicates
both exploration and efficient access. Designing systems that can accommodate
these varied access patterns while maintaining performance and scalability there-
fore becomes a central technical challenge. Indeed, supporting intuitive and flexible
workflows represents a significant departure from earlier systems, which prioritised
data production over usability. In particular, it requires rethinking system architec-
tures to better balance both efficiency and flexibility in the context of evolving user
demands.
Together, these developments imply a need to rethink the design of data systems
and workflows in weather forecasting. A few core challenges emerge from this shift.
First and foremost, there is an increasing need for more efficient and user-oriented
data retrieval. Users are rarely interested in downloading entire global fields. In-
stead, they usually want answers to specific questions, such as temperature values
along a timeseries or within a given region. Flexible multidimensional data retrieval
directly addresses this need by enabling access to only the data relevant to a given
request. By restricting queries to the specific spatial, temporal and variable subsets
that are really needed, the system avoids reading and processing large volumes of
irrelevant data. This leads to faster query execution, lower backend I/O, as well
as better scalability when serving many concurrent users. Overall, accessing only
what is needed enhances performance while also minimising wasted computation

4



and storage overhead.
Second, there is a need for accurate and usable representations of the data space
itself. Given the high dimensionality and the complex heteorogenity of NWP data,
users require clear and consistent ways to explore what data is available and how
it can be accessed. This is essential for designing reliable downstream workflows
and applications. A well-defined and explorable data representation also benefits
the systems themselves, as it enables more informed optimisation, as well as more
robust data handling. Data exploration is therefore a core aspect of any system that
aims to be both data-centric and user-centric.
Addressing these two challenges, efficient data retrieval and insightful data explo-
ration, is essential to build future meteorological data systems that are robust, scal-
able and able to meet the evolving demands of modern forecasting workflows.

1.4 Background and Related Work

Although the scale and complexity of these challenges continue to grow, many of
them have long been present in computer science. Consequently, the community
has developed a variety of approaches to address them, covering both data explo-
ration and data extraction across areas such as database systems, high-performance
computing and distributed data processing. Similar challenges have also arisen in
other scientific domains, where alternative concepts and solutions have been pro-
posed. Some of these ideas have since been adapted to Earth science and have
started to shape the development of more robust and efficient data systems, while
others prove more difficult to transfer due to domain-specific characteristics of Earth
system data. However, many existing approaches remain limited in their ability to
cope with increasing data volumes, evolving data patterns and growing demands for
flexible, user-driven data access.
To provide the necessary foundation for this discussion, the following section first
introduces key concepts of modern data storage and fundamental aspects of data
geometry, including those particularly relevant to Earth system data. Building on
this foundation, we then review key approaches that have emerged in response to
the challenges of designing robust and efficient data systems in the era of big data,
and discuss how they have influenced current practice in NWP. In particular, we
examine commonly used data representations in Earth science, along with widely
adopted data access tools and strategies. This review provides the foundation for
identifying remaining gaps and motivates the need for more scalable, flexible and
user-oriented solutions, which are the focus of this thesis.

1.4.1 Modern Data Storage

Modern data management systems are built around a range of storage technologies,
which differ in their capacity, performance and cost characteristics. These tech-
nologies are usually not used in isolation. Instead, they are combined into layered
systems [61, 121], which span from long-term archival storage to high-performance
devices, allowing both persistent storage and efficient access when needed.
At the foundation of this hierarchy are established technologies, such as spinning
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disks [102, 78] and tape storage [67, 58, 56]. Hard disks are still widely used as they
offer large storage capacity at a relatively low cost, with typical access times on the
order of a few milliseconds, and sequential read speeds reaching several hundred MB
per second. Tape systems follow the same idea but are aimed at much larger-scale
storage. They provide extremely low cost per byte and are well suited for storing
data at the petabyte scale. These systems are however designed for sequential access
and retrieving data can take anywhere from seconds to minutes. They are there-
fore mainly used for long-term archiving rather than for interactive work. These
are complemented by faster solid-state storage [96, 2], such as NVMe devices [120],
which offer much lower latencies, normally on the order of tens of microseconds, and
significantly higher throughput, often reaching several GB per second per device.
They are often used when data needs to be accessed quickly and repeatedly, such as
during intermediate processing steps or in performance-critical parts of a workflow
for example.
A key distinction across all storage systems is between sequential and random access
[3, 126, 60, 16]. Sequential access refers to reading data in contiguous blocks and
usually allows for high throughput, whereas random access involves retrieving many
small pieces of data from different locations, which introduces overhead and can slow
operations down significantly, especially on systems with mechanical components.
This is why the way data is laid out and accessed plays an important role in overall
performance. Data is transferred between storage and memory in units of a defined
block length. Typical block sizes range from a few kilobytes to several megabytes,
depending on the system. This implies that even small data requests may involve
reading larger chunks of data. Modern systems reduce repeated access overhead
through buffering and caching [29, 127], keeping frequently accessed data in faster
memory such as RAM. Cache sizes can range from megabytes in CPU caches, to
many gigabytes in system memory, and can significantly influence effective perfor-
mance of data systems.
At larger scales, storage is commonly organised through distributed and parallel file
systems in HPC environments [81, 77, 18]. These systems distribute data across
multiple storage nodes and enable concurrent access by many processes, achieving
aggregate bandwidths of tens to hundreds of GB per second. They are designed to
support large tightly coupled workloads and are widely used in scientific computing.
Alternatively, cloud-based storage has become increasingly common [94, 97, 47], us-
ing object storage to abstract away the underlying hardware and support scalable
access to large datasets. Whilst cloud storage offers considerable flexibility and ease
of use, access latencies are often higher, commonly on the order of tens to hundreds
of milliseconds, and throughput depends on network performance and access pat-
terns. As a result, efficient use of cloud storage often involves structuring data and
requests to minimise overhead and maximise data transfer efficiency.
All in all, these technologies illustrate that modern storage systems are not defined
by a single performance profile, but rather by a range of different capabilities. Small
datasets can often be handled with simple access patterns and minimal concern for
storage layout. In contrast, at the scale of terabytes and petabytes, differences in
latency, bandwidth and access patterns become decisive. Understanding these char-
acteristics provides the foundation for interpreting data processing performance and
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motivates the need for tailored strategies in large-scale data environments.

1.4.2 Data Geometry in Earth System Data

Besides storage systems, the data structure itself also plays an essential role in how
it can be accessed and processed. In many cases, the data geometry determines
which operations are easy or difficult to implement, and this becomes especially
relevant to consider for large datasets, where even simple tasks can be affected by
more complex data structures.
An important factor to take into account is the difference between structured and
unstructured grids [107, 108]. Structured grids are defined through mathematical
relationships. As a result, the exact position of each data point can be computed
directly from its grid index. In Earth system sciences, these are often iso-latitude
grids, where spatial coordinates follow a consistent pattern. This explicit structure
simplifies both data representation and data access. Unstructured grids do not fol-
low such a fixed pattern, and instead of being derived from a simple formula, the
location of each data point has to be described explicitly. Whilst this enables flexible
representations of complex spatial domains, it also introduces additional complexity
in data handling.
Earth system datasets, and NWP datasets in particular, are inherently multidimen-
sional. In addition to spatial dimensions, they include multiple temporal axes and
often further dimensions such as ensemble members, which represent different real-
isations of a forecast to capture uncertainty [76]. A key feature is the presence of
two distinct time dimensions, the forecast reference time, which indicates when a
forecast was generated, and the forecast lead time, which describes the time progres-
sion within the forecast itself. Another important property of these datasets is that
some spatial axes can be cyclic, such as longitude for example, which introduces
wrap-around behaviour at domain boundaries and must be explicitly accounted for
in indexing, interpolation and neighbourhood-based operations.
These structural characteristics are reflected in widely used data formats, such as
NetCDF [95] and GRIB [15, 113], which provide standardised ways of represent-
ing multidimensional geoscientific data. In NetCDF, data is organised along named
dimensions and variables, making it easy to understand the relationships between
different axes. On the other hand, the GRIB format encodes data together with
metadata in compact messages, where information about dimensions, grid structure
and forecast context is defined through standardised headers. In both cases, strict
conventions govern how data axes and associated metadata are defined, ensuring
interoperability but also shaping how data can be accessed and interpreted.
Together, these aspects illustrate that the organisation of Earth system data is not
arbitrary, but follows well-established structural and format-specific conventions.
Understanding these conventions provides the necessary context for examining how
different data representations and access strategies have evolved to address the chal-
lenges of large-scale data processing.
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1.4.3 Data Representations and Datacubes

High-dimensional data is common across many scientific disciplines. Because of its
inherent complexity, researchers have developed structured abstractions that provide
simplified and consistent views of the data, allowing it to be explored, analysed, and
reasoned about more effectively. These abstractions play a central role in enabling
efficient data exploration and have strongly influenced the design of software sys-
tems and analysis tools for large-scale scientific datasets.
A significant body of work in this area has focused on defining orthogonal, tensor-
based views of multi-dimensional data [68, 33, 25]. By organising data along clearly
defined and independent axes, such as space, time and parameters, these representa-
tions allow users to apply consistent operations across dimensions, including slicing,
aggregation, and subsetting. Such tensor views have proven particularly effective
in the field of Earth science [124, 12], where many datasets naturally conform to
structured high-dimensional grids.
One of the earliest and most popular implementation of this idea is the datacube
abstraction [48, 64], originally developed in the context of business analytics for
tabular data [84]. This concept has since been refined and widely adopted in Earth
science, especially for Earth Observation (EO) data [111, 14, 13, 44]. EO datasets
typically share a small number of dominant dimensions, most commonly latitude,
longitude and time, over which a range of physical variables, derived products or
instrument measurements are defined. These dimensions provide a convenient and
intuitive basis for organising data into cubes and for expressing common scientific
queries.
This abstraction underlies many prominent EO datacube initiatives, including global
systems such as the DeepESDL datacube [4, 27] and numerous national or regional
platforms, such as the Swiss [43], Austrian [112] and Brazilian [37] datacube frame-
works. Collectively, these efforts have demonstrated the practical value of a common
data model. They have in particular enabled interoperability between systems, fa-
cilitated software reuse and accelerated the development of analysis workflows.
However, these achievements rely on a set of strong assumptions about data struc-
ture and dimensional regularity. Most existing data cubes impose fixed grid-aligned
dimensions and require data to be laid out in a predefined and uniform manner.
Whilst this rigidity simplifies many operations, it becomes increasingly restrictive
as data volumes grow and data variety expands, especially in meteorological and
environmental modelling contexts where grids, resolutions or domains may vary
between datasets or over time. Furthermore, the datacube remains primarily a
conceptual abstraction for viewing and manipulating data, which does not directly
address how data is stored, indexed or accessed in backend systems. In practice,
implementing this abstraction at scale is non-trivial. Indeed, while a datacube can
simply be viewed as a multi-dimensional array in principle, real-world constraints
such as memory limits, storage layouts and file system structures require additional
engineering to make large datasets appear and behave like a coherent datacube.
This introduces a separation between the logical datacube representation and the
underlying physical storage layer. As a result, efficient and scalable data access de-
pends on deeper integration with data management and storage tools, highlighting
limitations in current approaches and motivating the need for more flexible solutions.
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1.4.4 Data Access Tools and Strategies

Beyond defining uniform abstractions of data spaces, substantial effort in Earth
science has focused on standardising and improving how data is accessed and ex-
tracted. In particular, a range of community standards and interfaces have emerged
to formalise common data access patterns. Notably, the Open Geospatial Consor-
tium (OGC) has introduced feature-based concepts and associated interfaces, such
as the Environmental Data Retrieval (EDR) API [22], which allow users to request
specific spatio-temporal subsets of data, such as points, trajectories and polygons.
These standards aim to make data access more user-oriented by enabling queries
that return only the data relevant to a specific scientific question, rather than entire
datasets. While conceptually powerful, these feature-based approaches are still rel-
atively new, and efficient, scalable implementations do not yet exist. In parallel, a
wide range of tools and backend strategies have been developed to support efficient
access to large, multi-dimensional datasets [41, 98, 38]. These systems operate not
only on metadata, but directly on underlying storage in order to execute complex
operations and enable performant workflows. Their design is therefore tightly cou-
pled to data formats and storage layouts. In recent years, software packages such as
xarray [53] and Zarr [123, 83] have gained significant traction in the Earth science
community. Xarray provides a high-level, tensor-based view of multi-dimensional
data tailored to climate and weather applications, and offers native support for
common meteorological formats such as NetCDF, GRIB, and HDF [28]. Zarr, by
contrast, has emerged as both a storage format and access framework for large
datasets, primarily due to its support for chunked storage.
Chunking has become a popular strategy for scalable data access in weather fore-
casting and Earth sciences more generally, as model outputs are usually too large to
load into memory as a whole. By partitioning data into smaller, independently re-
trievable blocks, systems can load only the portions required to answer a given query.
This approach is now fundamental to many big data workflows and underpins many
modern systems such as Rasdaman [11, 10], SciDB [110, 21] and ClimateSpark [54],
which reorganise datasets into carefully designed chunk layouts rather than storing
them in their original full form, as summarised in Table 1.1. Chunking therefore sig-
nificantly improves both performance and scalability by reducing unnecessary data
transfer, as well as expensive data transformations.
However, chunking also introduces a key limitation as performance becomes highly

sensitive to the chosen chunk layout. Because chunking implicitly optimises data
access along specific dimensions, it favours certain query patterns over others [87].
As datasets grow in size, dimensionality and structural diversity, it becomes in-
creasingly difficult to define a single chunking strategy that performs well across
all access patterns. In practice, this means that systems are often optimised for a
specific class of queries, while others may incur substantial unnecessary data access
and degraded performance. Complementing chunk-based access, feature extraction
and spatial subsetting [100, 117, 93, 51] have long played an important role in Earth
science data systems, as many users are primarily interested in localised regions or
specific geometric features rather than global fields. Systems such as RasDaMan
support this by identifying and loading only those chunks that intersect a requested
feature, while spatial databases like PostGIS [89, 125] provide clipping operations,
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typically applied as a post-processing step after data has been accessed. While these
approaches improve usability, feature extraction is in most cases treated as an op-
eration layered on top of fixed chunk layouts. As a result, feature-based queries
remain constrained by storage decisions made at data creation time and cannot
fully adapt data access to the shape, orientation, or dimensionality of the requested
feature. This separation between high-level feature-based query semantics and low-
level data access strategies represents a key limitation of many modern systems and
further motivates the need for approaches that more closely align user-driven queries
with backend data access.

1.5 Problem Statement

The following work investigates a feature extraction approach in which regions of
interest are handled directly at data access time, rather than as a post-processing
clipping operation. Instead of reading larger data blocks and subsequently dis-
carding unwanted portions, we compute the exact data locations and byte ranges
required to satisfy a user-defined query, and access only those bytes from the back-
end. To enable this, we adopt a shape-agnostic model based on arbitrary polytopes
in high-dimensional data spaces, rather than relying on predefined query templates
or fixed extraction shapes. This allows feature extraction to be expressed directly
in the native coordinate space of the data and makes the approach applicable across
a wide range of scientific domains. Domain- or standard-specific interfaces can then
be implemented on top of this core mechanism without changing the underlying
extraction logic.
A key distinction from existing systems is that feature extraction is not implemented
as a filtering or clipping step after data retrieval, nor does it rely on chunk-based
access patterns. By computing which exact parts of the dataset intersect the region
of interest, our approach avoids reading surrounding data and instead accesses only
the true data of interest. In many cases, this directly results in improved efficiency,
scalability and robustness of the data extraction system, in particular for complex
queries and large datasets. This is achieved by reducing unnecessary data transfer
and post-processing overhead. The exact performance, however, depends on the
characteristics of the underlying storage system, as well as on the access pattern
of specific queries. Many backends, and in particular disk-based systems, operate
on block-level reads. This implies that data is retrieved in contiguous segments
regardless of the requested subset. As a result, highly fragmented access patterns
or systems with limited random access performance may reduce these performance
benefits, while more sequential queries can still favour chunk-based access strate-
gies. It is thus important to consider both the system architecture and the query
structure when evaluating the overall efficiency of this feature extraction method.
Besides these performance considerations, the generic nature of the approach sup-
ports its application to a wide range of data representations. In particular, this new
method naturally extends to more complex data spaces, including those with un-
structured grids, branching coordinate dimensions and non-trivial data constraints.
It therefore provides a foundation for a fully generic and adaptable data extraction
framework.
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1.5.1 Thesis Outline

The thesis begins by introducing Polytope, a flexible feature extraction algorithm,
in Chapter 2. This algorithm identifies coordinate points contained within arbi-
trary n-dimensional polytopes when the underlying data is well aligned in space.
This offers an efficient alternative to traditional clipping operations. Chapter 3 then
shows how this algorithm can be integrated into an operational weather forecasting
environment, enabling an end-to-end feature extraction framework for climate and
weather data. Chapters 4 and 5 present concrete applications of the approach on
the Destination Earth dataset and on other more generic Earth observation datasets
respectively. In Chapter 6, the original algorithm is further extended with a second
method capable of handling more complex data spaces, focusing in particular on
unstructured grids. Finally, Chapter 7 introduces a new generic representation of
complex datacubes, which enables virtually any scientific data space to be modelled.
This representation is then integrated into the proposed feature extraction frame-
work to form a fully generic and adaptable data extraction system with minimal
assumptions about the underlying dataset. To conclude, the final discussion looks
at the broader implications of this work. In particular, it examines the new types of
scientific data access workflows which this approach enables, as well as its potential
applications across a wide range of scientific use cases.

1.5.2 Contributions

This thesis makes the following core contributions:

• The introduction of a shape-agnostic feature extraction algorithm based on
computational geometry concepts, enabling broad applicability across scientific
domains.

• A departure from chunk-based data access in favour of precise, region-aware
extraction, significantly improving efficiency and scalability.

• The design and implementation of Polytope as a reusable, extensible algorithm
for feature extraction in both structured and unstructured data spaces.

• A new generic datacube representation which supports complex grids and data
constraints, forming the basis of a fully adaptable extraction framework.

Together, these contributions form the basis for a unified and user-oriented approach
to feature extraction that is efficient, flexible and capable of operating across a wide
range of datasets and application domains.
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2 An Algorithm for Feature Extraction

Traditional data extraction methods in weather forecasting typically rely on orthog-
onal, box-shaped queries over multidimensional datacubes. In practice, however,
many users require data corresponding to more complex geometries, such as coun-
try cut-outs or other geographical regions of interest. Advanced use cases can even
include the extraction of data along trajectories, for example along flight paths or
shipping routes. These use cases are poorly served by box queries, in which we ex-
tract the full bounding box of the region of interest and which therefore often result
in substantially more data being retrieved than required.
Existing approaches address this limitation through post-processing, by extracting
the desired shape after the full bounding box has been retrieved. However, this
remains inefficient, as the unnecessary data has already been read. In the following
paper [74], we introduce an alternative approach through the Polytope algorithm.
The algorithm determines, prior to extraction, the exact data bytes required, en-
abling direct retrieval of arbitrarily shaped regions. We describe the algorithm for
extracting arbitrary high-dimensional polytopes from xarray DataArray objects and
demonstrate several applications in meteorology and healthcare. Finally, we evaluate
its performance and scalability for high-dimensional shapes and large-scale datasets.

This work was published in Springer’s Journal of Big Data, and the Polytope source
code [75] is publicly available on GitHub. I am the primary author of this publi-
cation. The specific contributions of myself and my co-authors are outlined below
according to the Contributor Roles Taxonomy (CRediT):

M Leuridan: Conceptualisation, Software, Formal analysis, Visualisation, Writing-
original draft; J. Hawkes : Conceptualisation, Software, Writing-review & editing; S.
Smart : Conceptualisation; E. Danovaro: Conceptualisation; M. Schultz : Writing-
review & editing; T. Quintino: Conceptualisation, Writing-review & editing.
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Introduction
In the past century, fields in science and technology have entered a new era - the era of 
“big data” [1]. From weather forecasting to astronomy and medicine, scientific advances 
have led to a surge in the quantity of data produced daily. Indeed, scientific data has been 
steadily growing in the past decades and in recent years especially, it has experienced 
exponential growth [2, 3]. y promises for major scientific developments in the years to 
come, the question arises of how to efficiently use this wealth of data.

The scientific data collected nowadays often depends on a number of different vari-
ables and can thus be represented as a multidimensional array, or datacube [4]. Organis-
ing data inside such datacubes has attracted a lot of interest in the past few years, with 
many tools now available to work on such data representations [5–8]. Most modern 
software architectures provide support to handle such data structures, from cells in 

Journal of Big Data

Abstract
Data extraction algorithms on data hypercubes, or datacubes, are traditionally only 
capable of cutting boxes of data along the datacube axes. For many use cases 
however, this returns much more data than users actually need, leading to an 
unnecessary consumption of I/O resources. In this paper, we propose an alternative 
feature extraction technique, which carefully computes the indices of data points 
contained within user-requested shapes. This enables data storage systems to 
only read and return bytes useful to user applications from the datacube. Our 
main algorithm is based on high-dimensional computational geometry concepts 
and operates by successively reducing polytopes down to the points contained 
within them. We analyse this algorithm in detail before providing results about its 
performance and scalability. In particular, we show it is possible to achieve data 
reductions of up to 99% using this algorithm instead of current state of practice data 
extraction methods, such as meteorological field extractions from ECMWF’s FDB data 
store, where feature shapes are extracted a posteriori as a post-processing step. As 
we discuss later on, this novel extraction method will considerably help scale access 
to large petabyte size data hypercubes in a variety of scientific fields.

Keywords  Data management, Data processing, Data extraction, Datacube, 
Computational geometry
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Matlab [9] to Xarray [10] in Python and xtensor [11] in C++. However, in each of these 
tools and software, datacubes can only be accessed orthogonally to their axes by select-
ing specific values or ranges along given dimensions. This can most easily be seen in 
datacubes which use SQL-type queries through the WHERE keyword [12–15], but it 
also holds true more generally for other datacube implementations which only support 
axis-aligned subsetting operations on the data [16–19].

Such limited data access mechanisms in the form of bounding boxes are sub-optimal 
for a wide range of applications. Consider for example the case where a user wants to 
access temperature data over a country. For this particular example, the bounding box 
data extraction approach proves to be quite inconvenient as country shapes are not 
well-represented by bounding boxes. Alternatively, consider a user who wants to access 
data over some spatio-temporal path [20]. If the entire bounding box of data around the 
requested path is extracted, the user then has to mask out the wanted path in order to 
find the data points relevant to his application [21]. This thus not only implies that much 
more data than is necessary is read and returned from the datacube, thereby consuming 
more I/O resources, but it also places the additional burden of post-processing on the 
user after retrieval.

To address this issue, we introduce a new alternative way of accessing datacubes. Our 
extraction algorithm, Polytope1 [22], enables users to efficiently query arbitrary high-
dimensional shapes from a datacube, slicing non-orthogonally at arbitrary angles against 
the datacube’s axes.

As shown with the country slicing example, traditional bounding-box extraction 
methods are insufficient for handling complicated non-rectangular requests. The Poly-
tope algorithm however was designed especially with these requests in mind and is able 
to directly extract such shapes from very large data hypercubes. Because our algorithm 
computes the exact data points that users are interested in and only reads those from the 
datacube, it scales well to large high-dimensional request shapes unlike the traditional 
bounding-box extraction techniques which scale with the tensor product of each dimen-
sion. The Polytope algorithm will thus enable scientists to efficiently make use of their 
ever increasing data, whilst improving the efficiency of their I/O system.

The Polytope algorithm will be used as part of the Polytope service in both the 
ECMWF Software EnginE (ESEE), which facilitates all data provision and workflow 
management services at the European Center for Medium-Range Weather Forecasts 
(ECMWF), and the Destination Earth (DestinE) Digital Twin Engine (DTE) [23].

In this paper, we first introduce the idea behind the Polytope algorithm, before 
describing its inner mechanism in detail. We then expose some of its possible applica-
tions in different scientific fields before finally performing an analysis of the algorithm’s 
performance on selected test cases.

Concept
Before diving into a technical description of the algorithm, let us first explain in more 
detail the conceptual approach we take. With the Polytope algorithm, we developed a 
data extraction algorithm which supports the retrieval of arbitrary high-dimensional 
request shapes, called features, from arbitrary multi-dimensional, high-volume data 

1 https://github.com/ecmwf/polytope
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hypercubes. Our algorithm is not restricted to any particular request shapes or applica-
tion field and is in fact intended to be generic and work seamlessly in any scientific appli-
cation involving multi-dimensional datacubes.

Motivation

Rather than pre-defining a set of shapes which can be extracted from the datacube, 
the Polytope algorithm takes n-dimensional polytope shapes as input, giving the algo-
rithm its name. In computational geometry, a polytope (or bounded convex polytope) is 
defined as the convex hull of a given point set P = {p1, . . . , pn} [24, 25].

Note that polytopes are convex by definition. Polytopes can in fact be thought of as 
multi-dimensional convex polygons.

In the Polytope software, we use polytopes because any arbitrary high-dimensional 
shape, even a concave shape, can be either approximated by or decomposed into sim-
pler convex polytopes [26]. Indeed, polytopes can be seen as the building blocks of high-
dimensional geometry. They form the basis of most modern meshing softwares and are 
widely used in computer graphics to model intricate objects [27]. We thus see that by 
formulating data requests as polytopes, users will in theory be able to request almost any 
feature of interest to them from a datacube.

The underlying idea behind the Polytope algorithm can be visualised in Fig. 1.

Related work

There are many alternative data extraction methods based on spatial indices present in 
literature. Similarly to the solution we propose here, some of these methods were espe-
cially designed to extract polytopes, and 2-dimensional polygon shapes in particular, 
from spatial datasets.

Fig. 1  Concept of the Polytope algorithm. A 6-dimensional polytope stencil is used to extract data of this shape 
from the datacube. In dark blue, we picture the innermost 3-dimensional shape to extract, which is extruded into a 
6-dimensional shape by taking its tensor product with the light blue shape over the outer 3-dimensional datacube
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One popular such approach is to build R-trees [28] of 2- or 3-dimensional datasets to allow 
for efficient querying of an area. This approach already constitutes an important improve-
ment to more traditional bounding box methods where the entire bounding box of the area is 
extracted, as it allows the system to extract a smaller bounding box coverage of the requested 
polygon. For very large high-resolution datasets however, this method might still return many 
more data points than needed and would require expensive point-in-polygon tests to further 
refine the output to only the points of interest. In particular, this method strongly depends on 
the constructed R-tree and its depth and resolution. As the R-tree is a static object for each 
dataset, the initial choice of how it is constructed will therefore significantly affect the subse-
quent extraction speeds of different areas. For example, when extracting smaller polygons, a 
larger R-tree with smaller leaf bounding boxes would return data closer to the user request, 
but having such a larger tree would also make extraction more costly for larger polygons. Our 
proposed Polytope algorithm does not require building such a static object and the extrac-
tion thus remains completely dynamic regardless of the requested shape. Furthermore, as the 
proposed Polytope algorithm only returns the points of interest, no post-processing masking 
operation is needed either.

Another alternative method of interest here is the RasDaMan [15] approach. RasDaMan 
first subdivides datasets into rectangular tiles to then be able to read those independently and 
perform queries on them once loaded in memory. Similarly to R-trees, this method implies 
that a rectangular coverage of the shape of interest is accessed. The main aim of the Polytope 
algorithm is to prevent such unnecessary data access and to instead pre-compute the points 
of interest in a file before accessing them, which results in a very different extraction method. 
Furthermore, RasDaMan and other similar methods, such as the clipping operation available 
in PostGIS [29], only support 2-dimensional polygon masking as a post-processing operation. 
In comparison, the Polytope method described in this paper has many more degrees of free-
dom and allows the extraction of arbitrary polytope shapes in any dimension.

Polytope extraction algorithm
We now introduce the Polytope feature extraction algorithm, highlighting in particular 
the way in which it achieves polytope-based feature extraction on datacubes.

Note that, even though the Polytope algorithm is quite generic, the datacubes on 
which it operates need to possess some particular properties. We thus first discuss some 
of these datacube properties before describing the complete mechanism behind the fea-
ture extraction algorithm.

Datacube

Datacubes can be thought of as multi-dimensional arrays. In particular, they store data 
points along different datacube dimensions [30]. Each datacube dimension has an asso-
ciated coordinate metadata “axis” with a discrete set of indices stored on it [31]. A data 
point is then located at each of these indices, forming a datacube. Datacubes can store 
structured point clouds or raster data for example.

A datacube can have different properties depending on the data that it stores. It can 
for example exhibit splitting behaviour when two datasets are incompatible, be unbal-
anced when some experiments gather more data than others or even have gaps between 
data points if results are not regularly recorded. In this section, we identify and describe 
these properties, as well as other essential datacube features, such as the datacube axes. 
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This helps us construct a common framework for treating various types of datacubes 
throughout our algorithm.

Axes

Axes in a datacube refer to the coordinate dimensions along which the data is stored. 
Values along these axes are called indices. In the following, we differentiate between two 
main types of axes, the ordered and unordered categorical axes. These two types of axes 
cannot be treated in the same way within the slicing step of the algorithm, which leads to 
their distinction here.

Ordered Axes These axes only accept sets of comparable indices which can be 
ordered. In particular here, this means that values on ordered axes need to be compa-
rable to each other, such that they must meaningfully support comparison operators 
(==, <, ≤, >, ≥). This property then directly implies an ordering between indices on 
ordered axes. Importantly, note that indices on ordered axes do not have to be inte-
gers, but can in fact be any countable type that supports a comparison operation, such 
as time entities, floating point numbers and of course integers. For such axes, it is pos-
sible to query ranges of indices as well as individual axis values.
Categorical Axes The other type of axes which can be handled by our algorithm are 
categorical axes. These axes only support distinct indices which are not comparable to 
each other, such as string indices for example. In this case, unlike for ordered axes, it 
does not make sense to query ranges of indices. Instead, the only possible queries on 
categorical axes are specific index selections.

Note that, in practice, indices on a datacube will always be discrete as there will always 
be a gap between values of digitally stored data. All ordered axes are thus countable 
axes, for which indices can be ordered and numbered using natural numbers [32]. Note 
also that the indices on ordered axes do not have to be uniformly spaced. In particular, 
the datacube axes can be irregular and sparse in their indices [33]. Lastly, observe that 
ordered axes can exhibit special behaviours, such as cyclicity along their indices. These 
behaviours are applied as post-processing operations on the axis indices and therefore 
do not modify the ordering of the axes.

All categorical axes can be treated in the same way. Similarly, all ordered axes can 
also be treated in the same fashion. This allows us to take a common approach towards 
extracting indices on those axes and thus facilitates the data extraction algorithm.

Datacube structure

A datacube can be viewed as a possibly non-regular imbalanced tree. This can be seen 
in Fig. 2 and we now explain each of these two datacube properties, non-regularity and 
imbalance, in more detail with the help of an example.

Note that the datacube does not necessarily have the same dimensionality in all directions. 
On some axes, it is possible to have axis indices which give rise to different subsequent axes 
or axis values. Consider for example the datacube in Fig. 2 which has indices val4 and val5 
on its ax2 axis. If we pick index val5, the leaf datacube is 2-dimensional with axes u and v, 
whereas if we pick index val4 instead, the leaf datacube is 3-dimensional with axes x, y and z. 
This phenomenon can be viewed as a non-regular branching of the datacube axes. This is an 
important feature of the datacube, which we should take into consideration when thinking 
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about the datacube structure. In particular, this suggests that there is a natural ordering of the 
axes, which we should follow when extracting data.

The imbalance in the datacube tree comes from the fact that some datacube axis can 
possibly have many more indices than others. In our example datacube above, imagine 
for instance that the u and v axis each only have 200 index values, whereas the x, y and z 
axis each have 1000 index values. This implies that the val4 index has many more chil-
dren than the val5 index and makes this particular datacube very imbalanced.

Slicer

The core of the Polytope feature extraction algorithm is the slicer, which contains a novel 
slicing step on the datacube indices. The slicing algorithm introduced here is of particu-
lar relevance, as it supports non-orthogonal slicing across arbitrary ordered axes. This 
is in contrast to most current state of practice data extraction techniques, which often 
only cut boxes of data [34–36], whereas our slicing algorithm has the capability of cut-
ting polytopes of data. Importantly, note that, as the algorithm introduced here is able 
to handle shapes of arbitrary dimensions, it can be used to extract both low- and high-
dimensional data queries.

Concept

By leveraging results in the field of computational geometry, the slicing algorithm used 
in Polytope can extract any convex polytope from the original datacube. The underly-
ing concept is that we successively slice the requested polytope along each axis in the 
datacube’s natural axis ordering using hyperplanes, reducing the dimensionality of the 
polytope at each step until we are left with a list of all points contained in this polytope.

Fig. 2  Datacube represented as a non-regular imbalanced tree. Each tree layer represents different axis dimen-
sions with the nodes being corresponding axis index values. Here, the first axis dimension is ax1, which has indices 
val1 and val2. The second axis dimension ax2 with indices val3, val4 and val5 then branches out onto datacubes of 
different sizes and dimensions, causing both imbalance and non-regularity in this tree
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Ordered vs categorical axes

As mentioned earlier, the slicer handles ordered and categorical axes slightly differently.
In particular, categorical axes do not support range queries and thus we can only ask 

for specific values on these axes, instead of polytopes. For categorical axes, the algorithm 
therefore only has to check whether the queried indices exist in the datacube, as would 
happen in every other traditional extraction algorithm.

The true innovation of the Polytope extraction technique is its ability to handle arbi-
trary polytope requests, which it achieves by introducing a new slicing step along the 
ordered axes. Note however that this slicing technique only works on ordered axes for 
two reasons.

Firstly, since it is only possible to define and request ranges on ordered axes, it also only 
makes sense to define polytopes along such axes. Secondly, the slicing step introduced below 
only works on indices which can be interpolated. As we now explain, these are in fact precisely 
the ordered axes’ indices. Indeed, note that, for the purposes of our algorithm, we assume 
that all of the ordered axes are measurable and linear axes, which can have continuous index 
values. We make this assumption even for ordered axes which are only truly countable with 
gaps between their indices. Because all ordered axes have some comparison operation, this is 
a valid assumption. This then implies that ordered axes support interpolation on their indices, 
which is needed for the slicing step described in the next subsection.

Slicing step

The actual slicing step is quite straightforward with the slicing mechanism merely con-
sisting in finding the intersection of a polytope with a hyperplane along a datacube axis.

We first separate all vertices in the polytope into two separate sets, P≤  and P≥ , 
each set consisting of points on either side of the hyperplane. For each pair of verti-
ces (p≤, p≥), where p≤ ∈ P≤ and p≥ ∈ P≥ , we take the intersection of the line pass-
ing through these two vertices and the hyperplane. This line-hyperplane intersection 
results in an intersection point which lies on the hyperplane. Once we have done this 
for all pairs, we therefore obtain a lower-dimensional polytope on the hyperplane, 
which is in fact just the intersection of the original polytope with the hyperplane, as 
wanted. This can be seen in Fig. 3 for a 2D example and in Fig. 4 for a 3D example.

As the original polytope is convex, this new intersection polytope is trivially also convex. As 
an optimisation step, we can thus take the convex hull of the intersection points at the end, 
using the QuickHull algorithm [37] for example. This does not change the lower-dimensional 
polytope because it is convex, but removes all interior vertices in its definition. As we slice 
high-dimensional polytopes, this can lead to major performance improvements. Indeed, with-
out this last step, the number of vertex points in the polytope definition grows quadratically 
with each slice, which would considerably slow down the algorithm. However, even though 
this optimisation step can significantly help the performance of the algorithm, the line-hyper-
plane intersection operation is still quadratic in the number of polytope vertices. The algo-
rithm’s performance thus scales at least quadratically with the number of vertices, which will 
impact its runtime for input polytopes with a large number of vertices.

It is important to note here that this slicing step works on all ordered axes, without any 
specific constraints about the type of indices stored on these axes.
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Index tree construction

To ensure that we slice through all the requested polytopes defined on different axes of the 
datacube, we need to carefully keep track of which step in the extraction we are in. The way 
we achieve this in the Polytope extraction technique is to iteratively build a trie compressed 
set of results, where the indices are the found datacube axis indices found inside of the poly-
tope shape. In the following, we refer to this trie as an index tree.

We build the index tree by slicing along successive axes in the datacube’s natural 
axis ordering one after another. For each axis of the datacube, we first find the poly-
topes defined on that axis. For each of these polytopes, we find the extents (low, high) 
of the lowest and largest value of the polytope’s boundary along the axis. We then col-
lect all discrete indices contained within the extents (low, high) on the axis and add 
them as children to the index tree. Next, we slice the necessary polytopes along each 
of the discrete datacube indices to obtain lower-dimensional polytopes. As shown in 
Fig. 5, these lower-dimensional polytopes are the intersection of the higher-dimensional 
polytopes with each of the axis indices slice hyperplanes. These new polytopes are the 
next polytopes we would like to now extract from the datacube. The algorithm therefore 

Fig. 4  3D example of the Polytope slicing mechanism on ordered axes

 

Fig. 3  2D example of the Polytope slicing mechanism on ordered axes
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continues as before on these lower-dimensional polytopes if they exist. This process is 
re-iterated in Algorithm 1.

Note that this works well on ordered axes. On categorical axes however, the slicing step is 
ill-defined as interpolation between indices is not possible. Nevertheless, recall that polytopes 
defined on categorical axes are in fact 1D points and thus instead of slicing, we only need to 
check whether those points exist in the datacube. Indeed, slicing does not matter in this case 
as the points are 1 dimensional and slicing, if it were well-defined, would therefore not pro-
duce any lower-dimensional polytopes anyway. We thus conclude that the process for con-
structing index trees presented in Algorithm 1 does in fact work well for categorical axes as 
well.

Algorithm 1 implies that we construct the index tree breadth-first (layer by layer), instead of 
depth-first (constructing branches one after the other). This approach ensures that the algo-
rithm does not loose track of what values inside the requested polytopes have already been 
found. It thus ensures that users get back all the points that are contained in the shape they 
requested.

To gain a better understanding of how Algorithm 1 works in practice, we provide a 
detailed example of its mechanism on a small datacube in Appendix A.

Algorithm 1: Polytope Slicing Algorithm
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Applications
The Polytope data extraction algorithm has a wide range of interesting applications, 
from meteorology to healthcare. In this section, we first introduce the different Polytope 
interface levels before discussing some Polytope applications, describing specific exam-
ples and how Polytope has improved access to data in those cases.

Interface

To facilitate interaction with the Polytope feature extraction algorithm, which only 
accepts polytopes as input, different interfaces can be implemented. The Polytope inter-
faces allow the users to interact with the extraction algorithm. In particular, users will 
submit their request shapes and, after the algorithm has run, retrieve their desired data 
to and from these interfaces. To accommodate different types of users, several interface 
levels exist, which let users request a wide range of request shapes, from the low-level 
generic convex polytope to higher-level specialised requests. The two in-built low- and 
high-level Polytope interfaces are shown in Fig. 6. It is also possible to build domain-spe-
cific interfaces on top of these built-in interfaces, also shown in Fig. 6. Each level is built 
on top of another with the domain-specific interfaces using shapes from the high-level 
interface, which itself depends on the low-level interface.

These distinct interface levels are useful because depending on specific needs and 
familiarity with the Polytope extraction technique, users might want to request different 
types of shapes from our algorithm.

Through the domain-specific interfaces, users can request domain-specific functions. 
For example, a meteorological interface could be built to facilitate access to time-series, 
trajectories or country extraction, similar to the Open Geospatial Consortium (OGC) 
Environmental Data Retrieval (EDR) [38] standard.

Through the built-in high-level interface, users can request primitive shapes, such as 
boxes or disks (approximated as dodecagons or 12-sided polygons), and then use con-
structive geometry operations, such as taking unions [39] or sweeping along a path [40], 
to build more complicated shapes. At this interface level, concave polygons are also sup-
ported by first triangulating the polygon and then taking the union of the resulting set 
of triangles. Finally, through the low-level interface, users can directly provide a list of 
convex n-dimensional polytopes, specified by a list of their vertices.

Fig. 5  Successive slicing of a polytope along one axis at different indices, resulting in a list of lower-dimensional 
polytopes
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Each level is built on top of its lower-level counterpart, so that shapes in a higher level 
are always defined by shapes in one of the lower levels. This implies that shapes in any 
of the interface levels are in fact always defined as a combination of convex low-level 
polytopes. These low-level polytopes are the building blocks of all possible Polytope 
requests. The interface is responsible for decomposing all user request shapes into these 
base convex polytopes. In the slicing algorithm, we can then work only on these convex 
polytopes and take a unified approach towards slicing any user request shape.

Polytope use cases

We now describe some examples of how the Polytope feature extraction algorithm can 
be used in the fields of meteorology and healthcare.

Meteorology

At ECMWF, about 400 TiB of Numerical Weather Prediction (NWP) data are produced 
daily [41]. This data is usually represented as a datacube of 7 or 8 dimensions depending 
on the forecast type [42]. Over the next few years, following the pioneering work of the 
DestinE initiative [43] with planned resolution increases in the weather model, data pro-
duction will grow to over a petabyte of data a day [44].

The current data extraction mechanism implemented at ECMWF in their Meteoro-
logical Archival and Retrieval System (MARS) [42, 45] is one of the traditional bounding 
box approaches. When a user wants to extract data on a country for example, they would 
need to send a request for a bounding box around that country. Moreover, the current 
extraction technique requires either full data fields or at very best bounding boxes of 
data fields to be read from the system even when users only request a smaller portion of 
data. With future petabyte-scale datacubes, this approach will become impractical, espe-
cially when trying to accommodate for thousands of users. The Polytope extraction tech-
nique helps alleviate many of the challenges faced by the system in this case. It makes 
returning data to users much more efficient because only the required bytes are read 
from the I/O system.

Below, we provide a few practical examples and use cases where Polytope might help 
meteorological data users extract data more efficiently.

Timeseries Imagine a user interested in extracting the temperature over Italy for the 
next two weeks. She would currently have to transpose the temperature fields along 

Low-level Interface Raw Convex Polytopes

High-level Interface

Primi ve Shapes
Boxes, Disks, etc

&
Construc ve Geometry

Unions, Paths, etc

Domain-specific Interface Domain-specific func ons
Countries, Ver cal profiles, Frames, etc

Fig. 6  Polytope interface levels
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the time axis to be able to then individually extract each temperature field at a given 
timestep. For each timestep, she would have to cut the shape of Italy from the bound-
ing box she retrieved before finally getting the exact data she wanted. With the Poly-
tope extraction technique, she can instead directly request the timeseries over Italy 
and get back only the precise bytes she is interested in. This is shown in Fig. 7, where 
the coloured points represent data points that are stored as byte indices within a data 
file and are accessed by the algorithm. Although Algorithm 1 only computes the coor-
dinates of the data points, those coordinates can then be mapped to indices within a 
data file through a simple mapping. Polytope then accesses only those indices from the 
file instead of larger byte ranges, which are not of interest to the user. Note that com-
pared to the 3D bounding box the user would currently retrieve, we see a data reduc-
tion of more than 73% when using Polytope. Furthermore, note that meteorological 
data users are usually more interested in extracting data over particular cities or spe-
cific points in space rather than whole regions, such as in [46, 47]. Since users cur-
rently first have to transpose their data and then retrieve bounding boxes around their 
locations of interest however, in most cases they directly extract data over broader 
regions than just the specific locations they would like to access. With the Polytope 
algorithm, expensive pre-processing manipulations before extraction, such as the ones 
discussed in [48], are not needed anymore and users only retrieve the relevant time-
series data from the datacube.
Flight Path Now, imagine a user interested in the flight conditions over his plane 
journey from Paris to New York. Using the current extraction technique, he would 
get back a 4 dimensional box over 3D space and time, containing much more data 
than what he is interested in. With the Polytope extraction technique, he will instead 
only get back the specific points he is interested in in the datacube without any need 
for post-processing, as shown in Fig. 8. Note that compared to the 4D box the user 
would currently get back, with Polytope, we experience a data reduction of more than 
99.99%.

In both cases, the requested shapes are not axis-aligned and are therefore also not well 
approximated by bounding boxes. We thus see a significant data reduction when using 
the Polytope extraction technique compared to the traditional bounding box approach. 
Importantly, we observe that I/O is reduced when using the Polytope extraction 

Fig. 7  Timeseries example, where the coloured points are all the points that were extracted using the Polytope 
algorithm
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algorithm. Moreover users do not need to perform any post-processing on their data 
anymore in order to get their requested shape.

Healthcare

Similarly to the weather forecasting industry, the healthcare industry faces complex data 
handling challenges. Already in 2019, [49] estimated hospitals to generate tens of pet-
abytes of data a year. As discussed in the previous example, working on this amount of 
data is extremely difficult and a tool like the Polytope algorithm could significantly help 
alleviate much of the difficulty involved.

A particular example of how Polytope can be used in the healthcare field is provided 
below.

Magnetic Resonance Imaging (MRI) Blood Vessel Detection A clinically rel-
evant application of MRI is the detection and characterization of plaque formation 
in (potential) stroke patients. This requires high-resolution scans using multiple MRI 
contrast weighting to comprehensively characterize the size and composition of 
plaque components. Using current extraction techniques, a clinician would have to 
download multiple entire MRI scan and then manually extract and compare the rele-
vant data of interest from each of those scans. With the Polytope extraction technique 
however, it is possible to directly extract the required multi-contrast blood vessel data 
without further delay or expensive post-processing work, as is shown in Fig. 9 for a 
single high resolution black-blood vessel wall MRI dataset [50, 51].

Performance and scalability
Polytope has been designed to considerably decrease the computational cost of extract-
ing non-orthogonal data from petabyte-sized hypercubes. In this section, we justify this 
claim by first analysing the performance of the Polytope algorithm and then investigating 
the data reductions achieved on practical use cases when using the Polytope algorithm 
instead of traditional extraction methods. The Polytope algorithm implemented here is 
written in Python and operates without parallel processing. All experiments are run on a 
macOS-12.2.1-arm64-arm-64bit operating system with a CPython v3.9.19 Python inter-
preter. We conclude this section by discussing these results and their significance.

Fig. 8  Flight path example, where the coloured points are all the points that were extracted using the Polytope 
algorithm
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Performance

There are many factors impacting the performance of the Polytope algorithm. To char-
acterise it better, we identified some of the key features affecting how long the Polytope 
algorithm takes to extract points from datacubes: the number of extracted points, the 
dimension of the input shape and its geometry or how the input shape was constructed 
by the user. Note that, whilst there are many other important aspects which affect the 
algorithm’s efficiency, such as the system’s memory contingency, these are more system 
dependent and we thus do not study them here.

Consider two time quantities, the total slicing time and the algorithm run time. The 
slicing time is the total accumulated time spent just slicing, without constructing the 
index tree. The total algorithm run time however is the time it takes to perform all of 
Algorithm  1, including both the slicing time as well the time spent constructing the 
whole index tree. In Fig. 10, we have plotted both of these time quantities in different 
settings. In each subplot, we have varied one of the previously identified features and 
kept all others constant. This lets us gain an understanding of how each individual fea-
ture influences the performance of the Polytope algorithm. Note also that, although the 
algorithm influences data access patterns, we have not included the time taken in I/O 
to fetch the data from storage as this depends on the storage medium we use and is not 
strictly part of the Polytope algorithm.

In Fig. 10a, we first plot both the slicing time as well as the total algorithm run time 
for request shapes of different dimensions. We observe that the dimension of the shape 
does not significantly impact the algorithm’s performance. This is due to the fact that, 
even when slicing higher-dimensional shapes, the Polytope algorithm spends most of its 
time slicing lower-dimensional polytopes. In fact, note that the number of polytopes to 

Fig. 9  MRI scan example, where the white line is an extracted blood vessel, reaching from the cavernous segment 
of the internal carotid artery to the end of the middle cerebral artery
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process at each step in the algorithm quickly grows every time we slice to a lower dimen-
sion. For example, imagine we slice a 4D box which contains two indices on each dimen-
sion. We first have to perform 2 4D slices. This then gives us 2 3D boxes, which we now 
have to slice. Each of these 3D boxes still has two indices on each dimension along which 
we need to slice. For each 3D box, we thus have to perform 2 3D slices. Considering 
there are 2 3D boxes, this implies we have to perform 4 3D slices in total. If we continue 
this logic, at the end of the algorithm, we will have performed 2 4D slices, 4 3D slices, 8 
2D slices and 16 1D slices. This illustrates why the lower-dimensional slices do in fact 
take up most of the algorithm’s slicing time.

Furthermore, we note in Fig.  10a that the slicing time is much lower than the total 
algorithm run time. This is because Polytope is currently using the XArray [10] library 
for datacube implementation, and relies on XArray to look up discrete axis indices on 
the datacube. This is a step we believe still needs to be optimised by developing more 
efficient datacube look-up mechanisms and alternative datacube implementations. 
Meanwhile, in Figs. 10b-10d, we use the slicing time rather than the total algorithm run 
time to estimate Polytope’s performance, thus excluding this dependency.

Figure  10b shows the behaviour of the slicing time in more detail. In particular, we 
notice that like the total algorithm run time in Fig. 10a, the slicing time does not depend 
on the dimension of the input shape. We also observe that the slicing time grows linearly 
with the number of datacube points the algorithm finds in the input shape. As discussed 

Fig. 10  Performance plots of the time taken to run the Polytope algorithm in function of the number of points ex-
tracted by the algorithm. In (a), we plot both the total algorithm run time (dashed lines) and the slicing time (solid 
lines) for different numbers of dimensions. In (b), we plot the slicing times for different numbers of dimensions. In 
(c) and (d), we plot the slicing times for different shape types. In (c), we focus on the effect of constructive geom-
etry operations, whereas in (d), we focus on the various primitive shapes implemented in the high-level Polytope 
interface. Algorithm timings on an Apple M1 Pro chip (3.2 GHz, 8 cores) and 16GB DDR5
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before, this is due to the fact that most of the slicing time is spent performing 1D slices. 
Indeed, increasing the number of points contained in the shape is effectively equivalent 
to increasing the number of 1D slices to perform to find those points. As it is those slices 
that make up most of the slicing time anyway, it is thus natural that the performance of 
the algorithm grows linearly with the number of points contained in the shape.

In Figs. 10c and 10d, we now investigate the impact of the input shape’s geometry and 
how it was constructed by the user.

In Fig. 10c, we first study how constructing a shape by taking a union of smaller sub-
shapes affects the performance of the algorithm compared to directly specifying the 
input shape as one single object in 2 dimensions. We see that the performance when the 
shape is constructed using unions is worse than when the shape is specified as one single 
object. This is due to the fact that when we request shapes as unions of sub-shapes, we 
first slice each sub-shape individually in the algorithm before combining the results of 
these steps into one single output. Because we first slice each sub-shape individually, we 
in fact slice along all the sub-shapes edges. As the sub-shapes touch along their edges, 
we thus end up slicing along the edges several times, which increases the slicing time 
compared to when this does not happen in the non-union shape case. This is relevant 
where the input geometry has been produced via triangulation or mesh generation.

In Fig. 10d, we finally analyse how Polytope’s different 2 dimensional high-level inter-
face primitive shapes: the box, disk and polygon shapes, influence the algorithm’s per-
formance. Here, we observe that the box and polygon shapes perform similarly while 
the disk shape has a slightly worse performance than the other two shapes. Because the 
polygon shape we inputted is actually a square, we can conclude from this observation 
that the algorithm’s performance is mostly impacted by the number of vertices of the 
shape, as well as how “non-orthogonal" it is. In particular, if the shape has many edges 
cutting across some axes, then it is less likely that there will be duplicates when we com-
pute the intersection points in the slicing step. We will thus then have to perform more 
slicing later on in the algorithm. The same logic holds if there are more vertices in the 
shape, which also increases the number of intersection points computed in the slicing 
step.

Bound on number of slices

As we just discussed, the time quantity of interest to us in evaluating the performance of 
the Polytope algorithm is the slicing time. The slicing time largely depends on a related 
quantity which is the number of slices performed during the algorithm. In this subsec-
tion, we quickly determine a theoretical upper bound to this related quantity.

Suppose we query an m dimensional shape using Polytope and let ni be the maximal 
number of discrete indices stored along each of the i = 1, . . . , m axes of the datacube 
which are contained within the requested shape. Since we do not know a priori exactly 
how convex or non-box-like the requested shape is, we have to assume the worst-case 
scenario that the shape is in fact a box.

To find the datacube points within that worst-case box shape, the Polytope algorithm 
now first has to slice n1 times along the first axis dimension. This produces n1 (m − 1)
-dimensional box shapes. We then have to slice each of these lower-dimensional box 
shapes n2 times along the second dimension. This creates an additional n1 × n2 slices.
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If we continue this process up to the last 1D slices, we finally see that the number of 
slices performed during the Polytope algorithm, Nslices is bounded by

Nslices ≤ n1+n1 × n2 + · · · + n1 × · · · × nm

=
m∑

i=1

i∏

j=1
nj .

We see that, as expected, this upper bound is dominated by the number 
∏m

i=1 ni of 1D 
slices, which will take up most of the slicing time. As we saw in the previous subsection 
however, 1D slices are relatively inexpensive to perform and in all of the examples in 
Fig. 10, the slicing time remains under a second.

Data reductions

Although the Polytope algorithm represents an additional step to perform before 
extracting the data and it might thus at first glance seem like it has a much higher time 
complexity than traditional extraction approaches, it is important to remember the true 
purpose of the Polytope algorithm. Polytope is a tool which computes the precise bytes 
of data a user wants to access. Using this tool therefore implies that users only extract 
exactly the data points they need, which significantly reduces the number of points to 
be read from the I/O system compared to the alternative "bounding box" extraction 
techniques. This leads to faster data transfer times between systems, thus making this 
approach more time efficient when considered as a whole.

In this section, we analyse various data reduction statistics, which are indicators of 
the efficiency gains that can be achieved through Polytope on various datasets. The 
datasets used for the meteorological extractions are the NWP MARS archive datasets 
produced by ECMWF on a octahedral O1280 grid [42, 45]. For the extractions of the 
flight path from Paris to New York shown in Fig. 8, the point timeseries over a 14-day 
forecast range, and the vertical profile of a point extruded over 20 atmospheric pressure 
levels, the data is interpolated to a 0.25/0.25 regular latitude-longitude grid. For the box 
around Germany and country extractions, the data is interpolated to a higher-resolution 
0.125/0.125 regular latitude-longitude grid instead. For the medical data extraction, the 
datasets shown are high-resolution black-blood vessel wall MRI images collected in [51]. 
The exact data reduction statistics achieved for the examples mentioned in the previous 
section in Figs. 7, 8 and 9 are shown in Table 1.

In Table  1, the first 3 columns show the number of bytes retrieved when using dif-
ferent extraction techniques. In particular, note the clear distinction between the first 
two columns which differentiate the bounding box approach described earlier from the 
state of practice extraction methods taken in the fields of meteorology and healthcare 
respectively. We refer to state of practice approaches here as full dataset file extractions, 
which are even less optimal than the bounding box approach. Indeed, it is important to 
note that one of the widely used extraction approaches in the field of meteorology for 
example is to extract whole fields, which are 2D arrays of latitude and longitude around 
the whole globe, from datacubes. Similarly, in the field of healthcare, MRI scans are cur-
rently stored as 3D images, which are completely extracted before any clipping operation 
is performed. The bounding box approach is thus already a clear improvement com-
pared to these approaches. As we see in Table 1 however, Polytope performs even better 
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than the bounding box approach. This can be clearly observed in the fifth column, where 
we provide the reduction factor of the data retrieved when using the Polytope algorithm 
compared to the bounding box approach. The sixth column shows the total reduction of 
the data retrieved when using the Polytope algorithm compared to the state of practice 
extraction methods taken in the meteorology and healthcare fields. The final two col-
umns then show the two slicing and total algorithm run times discussed above for each 
of our example shapes.

Along the rows, we differentiate between different types of shapes. On the first 3 rows, 
we first test the Polytope algorithm on shapes that are defined orthogonally along their 
axis and which could be directly extracted using the bounding box approach. For these 3 
rows, as we see in the fifth column, using the Polytope algorithm instead of the bounding 
box approach does not reduce the size of the retrieved data further. Note however that 
running the Polytope algorithm in these three examples does not take significant time. 
In the latter 4 rows, we then experiment using the Polytope algorithm to retrieve more 
complicated non-orthogonal or axis-aligned shapes. Already for country shapes in 2D, 
we see that there is a significant data reduction when using the Polytope algorithm com-
pared to the bounding box approach, with a reduction factor of up to 6 times in some 
cases. When considering higher dimensional shapes, and especially “path"-like shapes 
such as flight paths, we experience an even higher reduction factor. Indeed, in the 4D 
case of the flight path from Paris to New York mentioned above, about 350 times less 
data is returned to the users when using the Polytope algorithm instead of the bound-
ing box approach. Again, note here that in most examples, the Polytope algorithm takes 
below a second to run whilst reducing the retrieved data size by a factor of at least 1000 
compared to the state of practice approaches.

Importantly here, note that Polytope is able to perform the exact same orthogonal 
extractions as the bounding box approach in minimal time, whilst significantly out-
performing the bounding box approach when extracting more complicated shapes. 
This suggests that the Polytope algorithm performs at least as well as the bounding box 
approach and thus makes it a strong competitor to this approach.

Discussion

Note that in subsection 5.1 above, in Fig. 10a, we did not include the time spent extract-
ing data from the datacube. This is because this data extraction time is very depen-
dent on the storage medium on which the algorithm is run. We expect that the cost of 
performing the Polytope algorithm will be significantly less than the savings made by 
retrieving less data. In particular, we suspect that hardware that supports high perfor-
mance random-read, such as flash based devices for example, will benefit massively from 
the Polytope algorithm. To take advantage of sequential data access, where possible, calls 
to storage are batched together into byte ranges so that the access pattern aligns bet-
ter with the data storage layout. This optimisation step allows the Polytope algorithm to 
perform well for both single point extraction, as well as area extractions, without incur-
ring significant additional costs compared to block extractions.

Compared to state of practice methods, the Polytope algorithm is an additional step in 
the extraction process which takes time to run. However, as we saw in this section, and 
in Fig. 10 especially, the Polytope algorithm is efficient and scalable, being able to locate 
more than a million points in less than half a second. Moreover, as already mentioned, 
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when discussing performance of the algorithm, it is especially important to also consider 
its wider role in the total extraction process. As we saw in Table 1, the Polytope algo-
rithm allows users to extract much less data than they would have done using a more tra-
ditional approach. As reading and returning data is usually a costly operation, it implies 
that, when incorporated in a complete extraction pipeline, the Polytope algorithm will 
make data extraction more efficient than the current state of practice. The slightly more 
expensive slicing mechanism inside the Polytope algorithm will thus be outweighted by 
the actual performance improvement of the whole data extraction pipeline.

To quantify the true performance and benefits of the Polytope algorithm, we have 
performed a more in-depth analysis of its behaviour within a complete data extrac-
tion framework in [52]. In this work, we investigated the performance and scalability 
of the Polytope algorithm on the FDB meteorological data stores [53]. We found that 
for domain-specific feature shapes of interest, such as point timeseries, an end-to-end 
system using the Polytope algorithm extracts data about 1 to 2 orders of magnitude 
faster than traditional data extraction methods. In particular, the analysis shows that 
point timeseries across the whole forecast length are extracted in a fraction of a second, 
whereas extracting the equivalent full atmospheric fields from the FDB takes a few sec-
onds. When scaled to higher dimensions, this gap only increases with a Polytope extrac-
tion for a point timeseries over all forecast ensemble members taking around 4 seconds, 
whilst accessing the corresponding full atmospheric fields from the FDB takes nearly 2 
minutes. On top of faster extraction times, we also observe in the paper that Polytope 
reduces byte access to a small fraction of the full atmospheric fields stored on the FDB. 
For a point timeseries extraction for example, Polytope only reads a few hundred bytes, 
whereas the equivalent full fields accumulate to around a gigabyte of data. Compared to 
full FDB field extractions, we therefore conclude that using Polytope will likely lead to a 
significantly reduced resource usage of the overall system. The exact savings will depend 
on the access patterns that are requested by the users and on the system hardware speci-
fications. A more detailed analysis is beyond the scope of this publication.

Conclusion
In this paper, we introduced a new data extraction algorithm called Polytope, which 
has the capability of extracting arbitrary geometrical shapes from a datacube. This new 
technique allows users to directly compute the precise bytes of interest to them before 
requesting these bytes from a datacube. This approach leads to many benefits, both for 
the users and the data providers. For data providers, much less I/O is needed whereas for 
users, the need for further post-processing after extraction is alleviated. We described 
the structure of this novel extraction algorithm and explained in more detail some of 
its key features. We then showed a few use cases of the Polytope extraction technique 
before finally analysing the performance of this method. Future steps include performing 
a more in-depth analysis of the algorithm performance, as well as a rigorous discussion 
of Polytope’s use cases in different scientific fields.

Appendix A: Polytope algorithm example
Take a pyramid with vertices [[0, 0, 0], [0, 1, 0], [1, 1, 0], [1, 0, 0], [0.5, 0.5, 1]]. The datacube 
we slice against is a regular 3-dimensional point cloud with points at the intersections of 
the lines x = (0, 0.25, 0.5, 0.75, 1), y = (0, 0.25, 0.5, 0.75, 1) and z = (0, 0.25, 0.5, 0.75, 1).

33



Page 21 of 25Leuridan et al. Journal of Big Data          (2025) 12:243 

The first axis we slice along is the z-axis. The extents of the pyramid along the z-axis is 
(0, 1). Between z = 0 and z = 1, we have datacube points at z = (0, 0.25, 0.5, 0.75, 1). Our 
algorithm thus creates index nodes (z = 0), (z = 0.25), (z = 0.5), (z = 0.75) and (z = 1) 
in the index tree and then slices the pyramid along each of those z values.

The first resulting 2-dimensional square of the intersection between the pyramid and 
the plane z = 0 is the square in x − y space with vertices [[0, 0], [0, 1], [1, 1], [1, 0]]. We 
store this reduced polytope in the corresponding tree node (z = 0). We then slice along 
the y-axis. The extents of the reduced 2-dimensional square along the y-axis is (0,  1). 
Between y = 0 and y = 1, we have datacube points at y = (0, 0.25, 0.5, 0.75, 1). Our 
algorithm thus creates sub-index nodes (y = 0), (y = 0.25), (y = 0.5), (y = 0.75) and 
(y = 1) as children of the node (z = 0) and then slices the square along each of those y 
values.

The first resulting line segment of the intersection between the square and the line 
y = 0 is the line segment in x space with vertices [0, 1]. We store this reduced polytope 
in the corresponding tree node (z = 0, y = 0). The final and last axis to slice is the x-axis 
here. The extents of the line segment along the x-axis is (0, 1). Between x = 0 and x = 1, 
we have datacube points at x = (0, 0.25, 0.5, 0.75, 1). We thus create the leaf nodes of this 
sub-branch (x = 0), (x = 0.25), (x = 0.5), (x = 0.75) and (x = 1).

We proceed similarly for the other y sub-index nodes (y = 0.25), (y = 0.5), (y = 0.75) 
and (y = 1), where we also have leaf nodes (x = 0), (x = 0.25), (x = 0.5), (x = 0.75) and 
(x = 1) for each of those.

This finally gives the complete first branch of the result tree as shown in Fig. 11.
The second resulting 2-dimensional square of the intersection between the pyramid 

and the plane z = 0.25 is the square in x − y space with vertices [[0.125, 0.125], [0.125, 0
.875], [0.875, 0.875], [0.875, 0.125]]. We store this reduced polytope in the corresponding 
tree node (z = 0.25). We then slice along the y-axis. The extents of the reduced 2-dimen-
sional square along the y-axis is (0.125,  0.875). Between y = 0.125 and y = 0.875, we 
have datacube points at y = (0.25, 0.5, 0.75). Our algorithm thus creates sub-index nodes 
(y = 0.25), (y = 0.5) and (y = 0.75) as children of the node (z = 0.25) and then slices 
the square along each of those y values. Slicing the square along each of these y values, we 
create the leaf nodes of each of those sub-branches (x = 0.25), (x = 0.5) and (x = 0.75). 
We then get the second branch of the result tree as shown in Fig. 12.

The third resulting 2-dimensional square of the intersection between the pyramid and 
the plane z = 0.5 is the square in x − y space with vertices [[0.25, 0.25], [0.25, 0.75], [0.
75, 0.75],  [0.75, 0.25]]. We store this reduced polytope in the corresponding tree node 
(z = 0.5). We then slice along the y-axis. The extents of the reduced 2-dimensional square 
along the y-axis is (0.25, 0.75). Between y = 0.25 and y = 0.75, we have datacube points 
at y = (0.25, 0.5, 0.75). Our algorithm thus creates sub-index nodes (y = 0.25), (y = 0.5) 
and (y = 0.75) as children of the node (z = 0.5) and then slices the square along each of 
those y values. Slicing the square along each of these y values, we create the leaf nodes of 
each of those sub-branches (x = 0.25), (x = 0.5) and (x = 0.75). We then get the third 
branch of the result tree as shown in Fig. 13.

The fourth resulting 2-dimensional square of the intersection between the pyramid and 
the plane z = 0.75 is the square in x − y space with vertices [[0.375, 0.375], [0.375, 0.62
5],  [0.625, 0.625],  [0.625, 0.375]]. We store this reduced polytope in the corresponding 
tree node (z = 0.75). We then slice along the y-axis. The extents of the reduced 2-dimen-
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sional square along the y-axis is (0.375, 0.625). Between y = 0.375 and y = 0.625, we have 
datacube points at y = (0.5). Our algorithm thus creates the sub-index node (y = 0.5) 
as a child of the node (z = 0.75) and then slices the square along this y value. Slicing the 
square along this y value, we create the leaf node of this sub-branch (x = 0.5). We then 
get the fourth branch of the result tree as shown in Fig. 14.

Finally, the fifth resulting 2-dimensional square of the intersection between the pyra-
mid and the plane z = 1 is the point in x − y space [0.5, 0.5]. We store this reduced poly-
tope in the corresponding tree node (z = 1). We then slice along the y-axis. The extents 
of the point along the y-axis is (0.5, 0.5). Between y = 0.5 and y = 0.5, we have datacube 
points at y = (0.5). Our algorithm thus creates the sub-index node (y = 0.5) as a child 
of the node (z = 1) and then slices the square along this y value. Slicing the square along 

Fig. 12  Second tree branch

 

Fig. 11  First tree branch
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this y value, we create the leaf node of this sub-branch (x = 0.5). We then get the fourth 
and final branch of the result tree as shown in Fig. 15.

At the end of the algorithm, we have now found all datacube points contained in the 
original pyramid, which are stored in our final result tree, as expected.
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3 Serving Features on Meteorological Data Stores

In the previous chapter, we introduced a feature extraction algorithm built on top
of xarray DataArray objects. While this is effective in practice, the approach does
not reach its full potential, as the entire dataset must still be loaded into memory
before extraction. As a result, it offers limited I/O benefits and remains conceptu-
ally similar to post-processing clipping methods, although in a more general form.
To achieve substantial I/O reductions in operational weather systems, the Polytope
algorithm must be integrated directly into existing meteorological data infrastruc-
tures and NWP data stores. In the following paper [69], we adapt and deploy the
Polytope algorithm on top of ECMWF’s FDB data stores [105, 106]. We present
a unified data extraction framework that combines the Polytope feature extraction
algorithm with direct byte-level access to the underlying data stores. This byte-
level access is enabled by the GribJump software, which allows the system to jump
directly to the required bytes within the FDB. Together, these components remove
the need to read and load entire dataset files when serving individual user requests.
We then provide a detailed analysis of the system and its individual components,
evaluating performance and scalability on real-world NWP systems at ECMWF as
part of the Destination Earth initiative. Finally, we demonstrate the framework’s
effectiveness through practical use cases, such as the extraction of regional time se-
ries.

This work was published in the 2025 proceedings of the Platform for Advanced
Scientific Computing (PASC) and the source code for the Polytope [75] and Grib-
Jump [32] software are both publicly available on GitHub. I am the primary author
of this publication. The specific contributions of myself and my co-authors are out-
lined below according to the Contributor Roles Taxonomy (CRediT):

M Leuridan: Conceptualisation, Software, Formal analysis, Visualisation, Writing-
original draft; C. Bradley : Conceptualisation, Software; J. Hawkes : Conceptualisa-
tion, Writing-review & editing; M. Schultz : Writing-review & editing; T. Quintino:
Conceptualisation, Writing-review & editing.
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ABSTRACT
In recent years, Numerical Weather Prediction (NWP) has under-
gone a major shift with the rapid move towards kilometer-scale
global weather forecasts and the emergence of AI-based forecast-
ing models. Together, these trends will contribute to a significant
increase in the daily data volume generated by NWP models. En-
suring efficient and timely access to this growing data requires
innovative data extraction techniques. As an alternative to tradi-
tional data extraction algorithms, the European Centre for Medium-
Range Weather Forecasts (ECMWF) has introduced the Polytope
feature extraction algorithm. This algorithm is designed to reduce
data transfer between systems to a bare minimum by allowing the
extraction of non-orthogonal shapes of data. In this paper, we eval-
uate Polytope’s suitability as a replacement for current extraction
mechanisms in operational weather forecasting. We first adapt the
Polytope algorithm to operate on ECMWF’s FDB (Fields DataBase)
meteorological data stores, before evaluating this integrated sys-
tem’s performance and scalability on real-time operational data.
Our analysis shows that the low overhead of running the Polytope
algorithm, which is in the order of a few seconds at most, is far
outweighed by the benefits of significantly reducing the size of the
extracted data by up to several orders of magnitude compared to
traditional bounding box methods. Our ensuing discussion focuses
on quantifying the strengths and limitations of each individual part
of the system to identify potential bottlenecks and areas for future
improvement.
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•Mathematics of computing →Mathematical software per-
formance; • Information systems → Data access methods;
Extraction, transformation and loading.
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1 INTRODUCTION
Meteorological data ranks among one of the largest sources of
scientific data today. Modern weather forecasting models now gen-
erate high-resolution data for hundreds of parameters and ensem-
ble members, extending over medium-range periods of up to 10-
15 days. Each day, these models produce hundreds of terabytes,
forming massive high-dimensional datacubes. As we push towards
kilometer-scale global weather forecasting [19, 27] and increasingly
leverage AI [11, 12] to enable more frequent model runs, the vol-
ume of this data is set to continue growing exponentially over the
coming years.
Once available, this data is used in a wide range of applications,
from disaster prevention to climate research or resource manage-
ment. In many cases, users want to extract data over specific regions
of interest. For instance, one user might want to request precipi-
tation levels for a local area to evaluate the risk of flash floods [1],
while another needs wind speed data over wind farm locations in
the Baltic Sea to estimate energy production [20] over the next two
days.
In most current systems however, data access is limited to orthog-
onal queries [6, 8]. Users are required to specify ranges along the
datacube’s metadata axes, rather than being able to extract non-
orthogonal shapes, such as the ones described above, directly. As
a result, users often retrieve bounding boxes around their area of
interest, leading to the extraction of excess data.
To address this limitation, ECMWF introduced a feature extraction
algorithm called Polytope [13]. Polytope computes the exact meta-
data indices along the datacube’s axes that fall within an arbitrary
user-defined shape. When combined with a data store that enables
individual byte access, this algorithm allows the system to read and
retrieve only the specific bytes of interest to the user. Polytope is an
integral component of both the ECMWF Software EnginE (ESEE),
which is the smart software layer enabling all data provision and
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workflow management services at ECMWF, and the Destination
Earth Digital Twin Engine (DTE) [7].
In this paper, we integrate the Polytope feature extraction algo-
rithm1 with the FDBmeteorological data store [21, 22]. In particular,
we introduce a new component, GribJump2, which enables single
byte access to data stored in GRIB format [25] within the FDB. This
operation, which was not previously supported by the FDB, is an
essential step towards unlocking Polytope’s full functionality of
accessing only data within a given user-specified shape. We then
perform a detailed study of the performance and scalability of this
integrated system. There are many different aspects to consider
during this analysis, from algorithmic to more technical considera-
tions. We identify these factors and investigate how they affect the
overall system’s performance. Thereafter, we explore the impact
of this data extraction technique on broader operational NWP sys-
tems, particularly in terms of reducing the data transfer between
such systems and their users. We finally discuss the implications
of our results before highlighting possible future improvements to
Polytope and GribJump.

2 FEATURE EXTRACTION ON
METEOROLOGICAL DATA STORES

2.1 Meteorological Data Storage
NWP models account for the daily production of hundreds of ter-
abytes of data. ECMWF’s Integrated Forecasting System (IFS) [16]
for example, generates around 400 terabytes (TB) of meteorological
data every day [5]. With expected improvements in model resolu-
tion, such as those planned under the European Union’s Destination
Earth initiative [10, 24], daily data output is expected to exceed a
petabyte in the coming years.
Once generated, this data is stored in a meteorological object store
for several days to remain easily accessible to users. A widely used
system for this purpose is the FDB [21, 22], which supports ECMWF
operations as well as large European projects such as Destination
Earth. As an indexed data store, the FDB is optimized for efficient
data retrieval using pre-defined metadata schemas. All data within
the FDB is stored in GRIB (General Regularly distributed Informa-
tion in Binary form) [25] messages, where each message represents
a distinct atmospheric field. The data within a message is fully
specified by its associated metadata, such as the date and time at
which the data was generated or the vertical level and time step
of the forecast to which this data corresponds. Additionally, every
message contains a latitude-longitude grid, onto whose indices data
values are mapped. This allows the data to be represented spatially
across the Earth.
Many operational models are computed on high-resolution grids,
containing millions of points. The O1280 octahedral grid used in
ECMWF’s IFS model, for example, consists of approximately 6.5
million points [14]. As a result, the individual fields stored within
each message are about 12 megabytes (MB) in size, with a complete
forecast over all 145 time steps for a single parameter adding up to
over a gigabyte (GB).

1https://github.com/ecmwf/polytope
2https://github.com/ecmwf/gribjump

Figure 1: Polytope slicing mechanism, as illustrated in [13].

2.2 Polytope
Existing data access methods on the FDB only allow the retrieval of
complete fields of data, requiring all of the data in those fields to be
read and then returned to the user. As field sizes continue to grow
due to increasing forecast resolution, it becomes more challenging
to perform this operation for many users at a time as part of a
time-sensitive workflow. To help mitigate such challenges, novel
data extraction tools are needed.
One such tool is the recently developed Polytope feature extrac-
tion algorithm [13], designed to efficiently intersect arbitrary multi-
dimensional polytopes with an iso-latitude datacube. The algorithm
performs a series of recursive "slicing" steps, gradually reducing
an 𝑛-dimensional polytope into a set of 1-dimensional points. At
each step, several successive 𝑛-dimensional slices of the polytope
are taken along one of the datacube’s axes, as pictured in Figure 1.
This process is then repeated for each axis until all points within
the queried polytope are identified. Throughout the slicing process,
a result tree is iteratively constructed to record all of the points
found by the algorithm. This tree also provides guidance on the re-
maining slicing operations to be performed, detailing which lower-
dimensional polytopes should intersect with which axes next.
The slicing algorithm itself does not directly extract data from the
datacube however. It merely calculates the coordinates of the data
points to be retrieved. For actual data extraction, the algorithm
must be integrated with a compatible datacube backend that can
both provide information on the available data within the datacube
as well as support byte-level access to retrieve only the relevant
data points.

2.3 GribJump
There is currently no well-established way to access individual
bytes within fields stored on an FDB. To address this limitation, we
introduce a new software tool, GribJump, designed to enable such
byte-level access within the FDB. GribJump allows us to extract
only the bytes found to be in the user-specified input shapes by the
Polytope slicing algorithm instead of whole GRIB fields.
The core functionality of GribJump comes from its extract method.
While data is written to the FDB after a model run, GribJump first
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Figure 2: Tree compression example.

pre-computes an index on this data. This index is then used by the
extract function to efficiently decode and locate individual bytes
within fields stored in the FDB. Both simple packed data [4] and
CCSDS compressed data [26] are currently supported by this mech-
anism.
For faster data access, GribJump has been highly optimized, par-
ticularly through parallelisation, allowing data retrieval tasks to
run on multiple threads simultaneously based on the objects being
accessed.

2.4 Polytope Tree Compression
As users request larger geometric shapes, the tree constructed dur-
ing the Polytope slicing process can rapidly expand, resulting in
a very broad structure. To address this and simplify the resulting
tree, we propose a custom tree compression method, illustrated
in Figure 2. This compression not only allows for a more compact
representation of the results, but it is also used by the algorithm to
avoid performing duplicate 𝑛-dimensional slices.
Note that not all axes of the datacube can be compressed however.
In particular, compression can only be applied to axes that are de-
fined as part of an orthogonal request shape. Due to how the tree
is constructed within the Polytope algorithm, axes associated with
unions can currently also not be compressed.
For meteorological data stored in an FDB, further constraints on
the axis compression arise depending on the grid on which the
data is stored. For most iso-latitude grids supported by Polytope,
the latitude axis cannot be compressed as subsequent longitude
values vary with the latitude values. The longitude axis, however,
can always be compressed as it is the final axis stored on the FDB.

2.5 System Overview
In the remainder of this paper, we investigate the performance
and scalability of the Polytope algorithm on data stored in an FDB.
To support this analysis, we now first provide a brief overview of
how both components of the system, Polytope and the FDB (via
GribJump), operate together.
Initially, Polytope queries the FDB through GribJump’s axes call
to create an abstract representation of the datacube available in the
FDB. This precomputation step occurs once, prior to any feature
extraction, and is reusable for multiple requests as long as the data
in the FDB remains unchanged.
Following this precomputation, the algorithm enters a dynamic,
online phase. Here, Polytope takes a user-defined polytope, applies

the slicing algorithm to the abstract datacube, and generates a result
tree. This result tree, initially devoid of data, is then populated by
querying the FDB through GribJump’s extract call, after which
the fully populated tree is returned to the user.
Figure 3 illustrates these interactions between Polytope and Grib-
Jump. This system is offered as part of the Polytope service at
ECMWF and will also be available to users of the Destination Earth
initiative through the earthkit software environment [18]. Note
that this system is specific to data stored in GRIB format due to
the fact that GribJump currently only supports byte access from
the FDB in this data format. For datasets stored in other formats,
such as climate datasets stored in netCDF [17], the Polytope algo-
rithm can still be used to find points contained in given shapes,
although specialised single byte access mechanisms will need to
be implemented in order to provide an equivalent service to the
system described above.

Figure 3: Overview of the Polytope and GribJump system.

3 PERFORMANCE AND SCALABILITY OF THE
POLYTOPE SYSTEM

In this section, we analyse the entire Polytope system’s perfor-
mance and scalability. We start by examining the performance of
the precomputation step of the algorithm. Note that, unlike the pre-
computation step, the algorithm’s online phase can not be reused for
multiple requests and it thus significantly affects the overall perfor-
mance of the system. The main emphasis of this section is therefore
on the online phase. To evaluate the performance of this step, we
identify three key metrics: the slicing time, the tree construction
time, and the GribJump extraction time. We then investigate how
these quantities vary with the query shape to the algorithm.

3.1 Pre-computation phase
The performance of Polytope’s pre-computation phase is tied to the
performance of the FDB axes call, which itself depends heavily
on how data is organised within the FDB according to its schema
[3, 21, 22]. As more data on the FDB is exposed for Polytope to slice
on, the cost of the FDB axes call will gradually increase. To access
all of the current ECMWF operational data available on the FDB for
example, this call takes about 4 seconds and needs to be repeated
every 6 hours when new data becomes available. For larger climate
datasets, calling axes might take longer, but the data is more
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static so this cost can be paid less often as the pre-computation
phase does not need to be performed as frequently. The data in the
Destination Earth Climate digital twin for example is generated
once and, while calling axes on this data takes close to 30 seconds,
the output of this call can easily be cached in memory to be re-used
when needed as no new data is produced in this dataset.

3.2 Online phase
In the online phase of the algorithm, three main statistics need to
be considered: the slicing time, the tree construction time, and the
GribJump extraction time. These metrics are influenced by various
factors, ranging from technical aspects, such as the efficiency of
GribJump’s direct byte access to the FDB, to algorithmic factors like
the dimensionality of the requested shape, how the shape is defined
by the user, and the number of vertices specifying the shape.
To analyse these influences, we structure our discussion into two
parts, distinguishing between technical and algorithmic impacts on
the overall system performance. Finally, we conclude this section
by illustrating how these combined factors affect extraction times
for selected meteorological features.

3.2.1 Technical considerations. The primary technical considera-
tions in the Polytope system stem from the GribJump component
of the workflow, which directly interacts with the FDB to access
data. Two critical questions arise at this stage. The first one being,
how long does it take to request multiple data points from a single
field, and the second one being, how does the extraction time then
scale when accessing data across multiple fields.
Figure 4 addresses both of these questions. In Figure 4, in red, we
observe the initial cost associated with reading and accessing data
from a field. Once a field has been accessed however, we see that
extracting additional points from the same field has a limited impact

Figure 4: In red, GribJump extraction times for an increasing
number of extracted points, where all points are extracted
from the same field. In blue, GribJump extraction times for
an increasing number of fields accessed, where a single point
is extracted from each field and the dashed line shows the
linear scaling behaviour of this extraction time.

Figure 5: Schemas of the performance experiments.

on the extraction time. The blue lines in Figure 4 then show that the
GribJump extraction time scales linearly with the number of fields
accessed. We therefore conclude that the GribJump extraction time
is mostly influenced by the number of distinct fields accessed, with
minimal additional costs incurred when more points are accessed
from each field.

3.2.2 Algorithmic considerations. As a computational geometry
algorithm, the performance of Polytope is highly influenced by
the characteristics of its query shape. In the following, we explore
these dependencies in detail through various case studies, first for
orthogonal boxes and then for non-orthogonal queries. For clarity,
we provide a set of schemas showcasing some of the experiments
we perform in Figure 5.

Orthogonal extractions. We begin by focusing our attention on
orthogonal box extractions and how they scale in different dimen-
sions.
We first investigate the effect of the shape’s 2-dimensional area in
Figure 6. In this figure, we extract increasingly large 2-dimensional

Figure 6: Polytope and GribJump extraction times for in-
creasing 2D boxes (Figure 5a). The dashed red line represents
the expected linear behaviour of the tree construction time,
whilst the dashed green line represents the expected square
root behaviour of the slicing time. The dashed lines are mul-
tiplied by a constant factor to enhance visibility.
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Figure 7: Polytope and GribJump extraction times for increas-
ing 3D boxes (Figure 5b).

squares in latitude-longitude space. Each box is constructed by mov-
ing the top corner of the square further away from its lower corner.
In Figure 6, in red, we observe a linear relationship between the
increasing area and the tree construction time. This figure actually
shows that most of the extraction time is spent constructing the
result tree, with the slicing time only representing a small fraction
of the overall extraction time. Note here that the tree construction
time is relatively large as it not only includes the construction of the
nodes of the tree, but also all of the time spent within the algorithm
to set up subsequent slices. In particular, a large amount of time is
spent ordering longitude values as we successively add them to the
latitude tree nodes. This causes the observed linear behaviour of
the tree construction time. In contrast, as we see in green in the
figure, the slicing time scales with the square root of the number of
extracted points. This is due to the fact that, as manymeteorological
grids are not iso-longitude, we do not compress the latitude axis
in the extraction algorithm. We thus only perform slices for each
latitude value found within the shape, which, because the sliced
shapes are squares, approximately corresponds to the square root
of the number of extracted points. As established before however,
the extraction time is driven by the tree construction time and thus
also scales linearly with the area here. Interestingly, the GribJump
extraction time stays constant throughout the plot and is not im-
pacted by the growing area of the square. This validates our earlier
findings, as all points accessed here stem from the same field and
thus most of the GribJump extraction cost comes from the initial
object look up.
Next, we investigate the impact of slicing across multiple fields.
In Figure 7, we extract 3-dimensional boxes in latitude, longitude
and step. We construct these boxes by keeping the base latitude-
longitude square constant, while varying the step extent of the
boxes. As expected, we see in this figure that the GribJump extrac-
tion time gradually increases as we extract data from more fields.
We however observe that neither the slicing nor the tree construc-
tion times vary significantly with the number of fields. This is due
to the fact that we compress the boxes extracted here along the step

axis, only slicing along this axis once. The resulting 2-dimensional
latitude-longitude squares are the same for every box and the slic-
ing and tree construction times are therefore not impacted by the
step extension of the boxes. Figure 7 is thus a critical reminder that,
as we move to higher-dimensional shapes, the performance of the
system not only depends on the extracted volume, but also, perhaps
more importantly, on how data is laid out in the FDB over various
fields. This can further be witnessed in Figure 8, and Figure 8(a) in
particular, where we scale the box extraction to higher dimensions,
still keeping the base latitude-longitude square constant.
To understand how higher-dimensional slices impact the slicing
time, we now extract boxes with increasing dimensions in Figure 8.
We construct these boxes by successively taking the tensor product
of the previous box with a range in a new dimension. In Figure 8(b),
we show the number of 𝑛-dimensional slices performed for each
dimension as well as the slicing time of each box. We then scale
this total slicing time by the number of slices to estimate the slicing
time of each individual 𝑛-dimensional slice. As we observe in the
figure, 1- and 2-dimensional slices are relatively inexpensive, with
slices in 4 and 5 dimensions becoming relatively slow to perform.
The jump in costs between slices is due to the use of convex hulls
in our slicing step, which gradually scales worse as the dimension
increases. Moreover, since the latitude axis is not compressed, we
need to perform all of the 2-dimensional slices along each latitude
value when we move to higher-dimensional shapes. This explains
the jump in both the number of slices and the total slicing time that
we observe in Figure 8(b) as we extract a 2-dimensional box.
Axis compression in the request tree, as shown in Figure 2, has
already been mentioned a few times throughout this section. To
gain a better understanding of it, we investigate how this compres-
sion affects the different extraction times. In Figure 9, we extract
boxes of increasing sizes while varying which of their axes are
compressed. This shows that compression can significantly affect
the performance of the slicing algorithm. In particular, we note that,
as less axes are compressed, more nodes need to be created and
the request tree becomes wider. This eventually results in a faster
linear increase of the slicing time with the number of extracted
points, which does not scale well to high-dimensional extractions.

Non-orthogonal extractions. We now shift focus to explore how
various shape properties affect the performance of non-orthogonal
extractions.
We first analyse the effect of extracting very detailed polygons with
many defining vertices. In Figure 10, we extract different polygons
with an increasing number of vertices. As these polygons are con-
structed by approximating the same circle, they all have a very
similar area so the extraction times should not change significantly.
In particular, we see that the GribJump extraction time stays con-
stant throughout, as expected. More interestingly, we observe that
the slicing time of the algorithm grows with the square of the num-
ber of vertices. This can be explained by how we perform slices
in the algorithm, taking the intersection of a plane with each line
defined between pairs of vertices on either side of this plane.
Finally, we study the impact of constructive geometry operations
on the slicing algorithm. In particular, we focus on the union oper-
ation here. In Figure 11, we extract the same 1024-sided polygon,
but specified as the union of a growing set of sub-polygons. We
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(a) GribJump extraction time and number of fields accessed for increasing n-
dimensional boxes.

(b) Extraction times and number of nD slices performed for increasing n-dimensional
boxes.

Figure 8: nD box extractions.

immediately notice that the slicing time increases linearly with the
number of unions defining the shape. This is directly tied to the
linear relationship between the number of unions and the num-
ber of slices to be performed, which we also observe in this figure.
The linear behaviour is expected as we treat each sub-polygon in
the union separately in the algorithm. We thus need to slice each
sub-polygon separately, leading to a proportional increase in the
number of slices.

Figure 9: Extraction times of a 3D box with various levels of
axis compression. The slicing and tree construction time is
shown in blue for when all axes in the box are compressed, in
red when the longitude axis is not compressed and in green
when both the longitude and step axes are not compressed.

Figure 10: Extraction times of polygons of same area but
with an increasing number of defining vertices (Figure 5c).
Note that the slicing time axis appears in square root scale
with the dashed red line representing the expected squared
behaviour of the slicing time.

3.2.3 Extracting meteorological features. In real-world scenarios,
the factors described above are combined to influence Polytope’s
total response time. To assess the algorithm’s efficiency for meteo-
rological applications, we examine several examples.
In Figure 12, we analyse data extraction times for different coun-
tries, identifying where time is spent. Countries are specified as
unions of convex polygons with each polygon being treated inde-
pendently by the algorithm and no compression of the involved
axes. As expected, this impacts the slicing and tree construction
times, which are more consequent for larger shapes, such as France
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Figure 11: Slicing time and number of 2D slices for a polygon
specified as the union of an increasing set of sub-polygons
(Figure 5d). The dashed lines represent the corresponding
expected linear behaviour of these quantities.

when compared to Switzerland, but also for shapes that have more
irregularities, such as the UK when compared to the more rectan-
gular Germany. This is further emphasized in Figure 12(b), where
we show the stark contrast between the smaller and less-detailed
countries in Europe and the large, more complex shape of Canada,
which is exponentially more expensive to extract. Note that the
fact that countries are defined as unions currently also affects the
GribJump extraction time, which is quite considerable here for a
single field extraction. This is due to the fact that each sub-polygon
is treated separately as a different request to extract from GribJump
and could be optimised in the future.
These examples focus on 2D extractions in latitude-longitude space,
so the impact of accessing multiple data fields cannot be observed
from this figure. Instead, in Figure 13(a), we address this point,
showing a point timeseries extraction across multiple fields. Here,
the slicing time does not vary and remains negligible, while the
GribJump extraction time significantly increases as more fields are
accessed, as expected. Finally, in Figure 13(b), we present an exam-
ple timeseries extraction over the UK, where both more data points
and fields are accessed. In this case, both slicing and GribJump
extraction times increase, with the latter scaling linearly with the
number of fields accessed.
In all examples, Polytope’s extraction times were at most a few sec-
onds, even for more complex cases, with the Canada retrieval taking
under a minute. These results suggest that the slicing algorithm
is an efficient data extraction method for various meteorological
features.

4 I/O AND DATA REDUCTIONS
The main aim of the Polytope feature extraction algorithm is to
improve access to large-scale meteorological data. A key aspect of
this objective is to minimise the I/O load in operational weather

systems by limiting data transfer to only what is essential for spe-
cific applications.
Figure 14 illustrates the data reduction achieved with Polytope
compared to extracting a bounding box around several example
countries. We observe a significant reduction of up to almost an
order of magnitude for non-rectangular countries such as Italy.
Even for more box-shaped countries like Germany, the reduction
remains clearly visible on the graph in logarithmic scale. Note that
the examples in the figure are of 2-dimensional extractions. As
more fields are accessed however, the potential for data reduction
can significantly increase. For high-dimensional shapes, such as
spatio-temporal trajectories in particular, data reduction can easily
exceed 99%.
This data reduction can then directly be translated into a faster
access to data, especially for data spanning over multiple fields. For
example, retrieving the point time series from above using Poly-
tope took less than a second, compared to several seconds when
retrieving the full fields from the FDB. For the point time series
over all ensemble numbers, Polytope completed the extraction in
about 4 seconds, while accessing the entire fields directly from the
FDB took nearly 2 minutes.
Such improvements in data reduction and performance enable more
efficient data access for users. By minimising data transfer between
operational systems and their users, Polytope helps reduce the I/O
load incurred per user on the storage system. This results in a more
efficient data access pattern which can support a large number of
users simultaneously.

5 DISCUSSION AND FUTUREWORK
In the current context of open data initiatives such as Destination
Earth, the Polytope feature extraction algorithm provides a reliable
solution to a rising demand in meteorological data access. By lim-
iting the amount of data read and transferred to users to the bare
minimum, it represents an efficient and scalable alternative to tradi-
tional data extraction techniques. Beyond data retrieval, Polytope
also introduces the possibility for interactive workflows as access
to data in near real-time starts to become feasible. This paves the
way for more responsive applications in the fields of meteorology
and climate change.
While Polytope provides substantial benefits to operational weather
forecasting systems however, the feature extraction algorithm still
has a few notable limitations.
The first challenge we identified in this paper was in the pre-
computation phase of the algorithm. In this part of the Polytope
system, we experience a trade-off between speed and the range
of shapes that can be extracted. To address this, one approach is
to integrate the pre-computation phase within the online phase.
In particular, we plan to optimise the FDB axes call to be called
recursively as we build the request tree in future implementations
of the slicing algorithm.
A second challenge that we identified during our performance anal-
ysis is that polygons with a large number of vertices are difficult
to slice, and their extraction can quickly become computationally
intractable. To overcome this, line-simplification methods [2], such
as the Douglas-Peucker algorithm [9], can be used to approximate
highly detailed polygons by polygons with fewer vertices. However,

46



PASC ’25, June 16–18, 2025, Brugg-Windisch, Switzerland Mathilde Leuridan, Christopher Bradley, James Hawkes, TiagoQuintino, and Martin Schultz

(a) European countries (b) Comparison between European countries and Canada

Figure 12: Extraction times for different country shapes.

(a) Point timeseries (b) Country timeseries

Figure 13: Extraction times for different timeseries.

for Polytope to ensure that all points within a requested shape are
returned to users, the line reduction algorithm that we use must
meet an additional requirement. It should consistently overestimate
the polygon boundaries to capture the entire shape, whilst still
preserving the overall shape of the polygon in order to avoid un-
necessary data extraction. As, to the best of our knowledge, there is
no existing algorithm which fully meets this criteria, a key area of
future work will involve developing and implementing a suitable
polygon approximation technique specifically for this purpose.
Additional improvements to the feature extraction algorithm in-
clude optimising the tree compression and refining the interface
between Polytope and GribJump. Our analysis indicated that tree

compression significantly affects overall system performance. Ex-
tending this compression to handle more axes and complex shapes
will thus be a crucial step toward increasing Polytope’s scalability.
Enabling GribJump to then work directly with this tree structure
will also help reduce the current overhead from translating between
different object types within the Polytope-GribJump interface. Fur-
thermore, most of the slicing and tree construction in Polytope
is currently implemented in Python and, due to the nature of the
algorithm, existing compiled backends such as numpy [23] do not
provide an advantage for performance. Significant speed-ups could
instead be achieved by writing portions of Polytope in a more per-
formant language, such as C++ or Rust [15].
In the longer term, Polytope’s adaptability to different data sources
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Figure 14: Number of extracted points for different country
shapes and their bounding boxes. Note that the number of
extracted points is shown in log scale.

is another important area for development. This includes both an
assessment of necessary changes to GribJump for efficient data
retrieval over networks instead of local file systems, as well as the
development of alternative slicing algorithms for data stored on
unstructured grids. These changes are particularly relevant for the
Destination Earth initiative, where data on the data bridge is trans-
ferred over a network and certain datasets are stored on icosahedral
and Lambert grids.
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4 Weather and Climate Digital Twins Use Case

We have now designed a complete system for feature extraction from NWP data
stores. In the following paper [71], we demonstrate the applicability of this system
to the Destination Earth digital twins. We first describe several custom capabilities
of the Polytope software that enable efficient extraction in this context, including
support for cyclic axes and multiple types of iso-latitude grids. We then explain how
the Polytope feature extraction service has been implemented to serve data from the
Destination Earth initiative and illustrate its operation through a point time-series
extraction from the Climate Digital Twin.

This work was published in the 2024 proceedings of the International Astronau-
tical Congress (IAC). I am the primary author of this publication. The specific
contributions of myself and my co-authors are outlined below according to the Con-
tributor Roles Taxonomy (CRediT):

M Leuridan: Conceptualisation, Software, Formal analysis, Visualisation, Writing-
original draft; J. Hawkes : Conceptualisation, Writing-review & editing; T. Quintino:
Conceptualisation, Writing-review & editing.

49



75th International Astronautical Congress (IAC), Milan, Italy, 14-18 October 2024.
Copyright ©2024 by the International Astronautical Federation (IAF). All rights reserved.

IAC–24–B1.IP.103.x81121

Polytope: Extracting Features from Large-Scale Datacubes

Mathilde Leuridana*, James Hawkesb, Tiago Quintinoc

a ECMWF, Germany, Mathilde.Leuridan@ecmwf.int
b ECMWF, UK, James.Hawkes@ecmwf.int
c ECMWF, UK, Tiago.Quintino@ecmwf.int
* Corresponding Author

Abstract
As part of the EU’s ambitious Destination Earth initiative, the European Centre for Medium Range

Weather Forecasts (ECMWF) is building the Digital Twin Engine, a new software infrastructure designed
to efficiently handle the petabytes of data produced daily by large-scale earth system digital twins. One
important component of the Digital Twin Engine is the Polytope software. This software implements
ECMWF’s novel feature extraction algorithm, which uses concepts of higher-dimensional computational
geometry to efficiently retrieve arbitrary user-specified shapes from high-dimensional datacubes. When
this task is performed server-side, in-situ with the data, Polytope can reduce data sizes by several orders of
magnitude and return tailored analysis-ready data to users. We combine this feature extraction mechanism
with the capability to directly jump to specified byte ranges in a data store, which thus allows us to minimise
I/O in the system to the bare minimum required to serve user-specified requests. In this paper, we describe
the Polytope software and its latest developments before highlighting how this software can be used to
address the challenges related to growing data sizes faced by the Earth Observation and Weather Forecasting
communities in large-scale projects such as the Destination Earth initiative.

Keywords: Datacubes, Feature Extraction, Data Infrastructure, Data Management

1. Introduction

Over the past few years, the field of weather fore-
casting has grown incredibly fast and seen many rev-
olutionary changes. From higher resolution models,
such as in the European Union’s Destination Earth
initiative [10], to the introduction of machine learn-
ing (ML) based weather forecasts, such as the Graph-
Cast model [4], these developments all hold signifi-
cant scientific value. Although these are major ad-
vances in the field however, they do not come with-
out technical challenges, especially in terms of data
management.
One of the main technical challenges is the growing
volume of data produced each day by weather mod-
els. An increase in spatial resolution of a weather
model by a factor 2 results in a 4-fold increase in
model data output. With higher resolution mod-

els, scientists have thus been faced with the difficult
task of handling these rapidly growing data volumes.
In the Destination Earth initiative, for example, the
digital twins will produce over a petabyte of data
per model run. Meanwhile, the rise of ML models
for weather forecasting has significantly lowered the
computational cost associated with running simula-
tions of the weather. Where traditional models re-
quire hours of computation time, ML models can run
within a few minutes once they have been trained. It
is thus possible to run these weather models much
more frequently than the standard 2 to 4 simulations
a day. This only further increases the volume of data
produced each day.
When considering the combined challenge of larger
model outputs with the increased frequency of model
runs, it is becoming essential for scientists to develop
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new technologies which can efficiently handle the
large volume of produced model data, especially if
the entirety of this data needs to remain easily acces-
sible and available for scientific purposes.
It is with such challenges in mind that the Euro-
pean Centre for Medium Range Weather Forecasts
(ECMWF) is developing the Digital Twin Engine
(DTE) as part of the Destination Earth initiative.
Within the DTE, the Polytope software will serve as
the main data access mechanism for digital twin data.
In this paper, we first introduce the Polytope concept
and some of its particular features which make it a
useful tool for weather forecasting applications, be-
fore discussing how it fits within the data infrastruc-
ture at ECMWF and how it will be used as part of the
DTE in the Destination Earth initiative.

2. Polytope Concept
Polytope is ECMWF’s new data extraction ser-

vice. Unlike traditional extraction techniques, which
only support the extraction of axis-aligned ”box”
shapes, Polytope is instead designed to extract poly-
topes, or in other words multidimensional polygons,
from datacubes. We now explain the concept behind
the Polytope approach as well as some of its main
benefits. This section is based on [5], where more
details about the Polyope algorithm can be found.

2.1 Traditional Extraction Methods
As mentioned before, most current data extraction

techniques only allow users to extract orthogonal box
shapes from datacubes. Using these methods, users
specify ranges to extract along each of the datacubes’
axes and get back all the data contained within the
box they have defined.
For many applications however, this is not efficient.
Indeed, for a lot of scientific use cases, scientists
are interested in specific sub-regions of their col-
lected data, which are not necessarily box-shaped.
Using current methods, they would have to retrieve
a bounding box of their non-orthogonal shape, con-
taining much more data than they actually need, and
then extract the useful information themselves.
Consider for example a meteorologist interested in
temperature data over a country such as Italy. With
traditional data extraction techniques, this meteorol-

ogist would have to extract temperature data over a
rectangle surrounding Italy, thus getting back a lot
more data than required for their application.

2.2 Polytope Extraction Algorithm
As an alternative to the traditional extraction

methods mentioned above, ECMWF has imple-
mented the Polytope algorithm. Polytope was specif-
ically designed to extract non-orthogonal shapes
from datacubes. By using tools from higher-
dimensional computational geometry, it is able to ex-
tract polytope stencils from datacubes, as pictured in
Figure 1.

Fig. 1. Concept of the Polytope algorithm. Taken
from [5]

The algorithm computes the bytes that are contained
within a user-specified shape by successively slicing
this shape as described in [5]. We refer to this pro-
cess as the slicing algorithm. As shown in Figure 2,
if we then combine this with another tool that has the
capability to only read specific bytes in a data store,
it then becomes possible to return only the data of
interest to the user. Most importantly however, note
that this algorithm only requires the system to read
the bytes of interest to the user from the data store,
instead of spending time reading more unnecessary
bytes. As we highlight in the next section, this has
many benefits.

2.3 Benefits
The Polytope extraction mechanism has many

benefits compared to more traditional methods. As
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Fig. 2. Polytope feature extraction mechanism.

explained above, by using the Polytope mechanism,
users only need the system to read the bytes of inter-
est to them, instead of a lot of additional unnecessary
data. This significantly reduces the I/O load on the
system, which will consequently make the data re-
trieval system faster for all users. Moreover, since
the I/O load on the system is reduced, the Polytope
extraction mechanism will also allow more users to
access data at the same time. As a secondary ben-
efit, Polytope also removes the need for processing
after extraction on the user’s side since only the re-
quested data is returned. Polytope thus constitutes a
modern solution to the challenge of efficient data re-
trieval from large-scale data stores, which scales well
with both increasing data volumes as well as increas-
ing user demand.

3. Weather and Climate Data
As long as a dataset can be represented as an

ordered datacube along a set of well-defined axes,
Polytope can be used to extract features from this
datacube. This holds for data generated in any sci-
entific field, from medicine to Earth Observation.
In this paper however, we focus on using Polytope
for weather and climate data. We first examine two
common data storage structures for this type of data.
In particular, we explain why we have chosen these
two formats to be supported as datacube backends to
Polytope. We then discuss some special properties of
weather and climate data which require special atten-
tion in the slicing algorithm, before describing how

we handle them within Polytope.

3.1 Datacube Structures
Polytope currently supports extraction from 2 dat-

acube structures, namely XArray data arrays [3] and
FDB object stores [9]. Whereas the XArray data ar-
ray is one of the most common data formats used
for working with complex scientific data, such as
weather and climate data amongst others, the FDB
object store is a much more tailored data structure
optimised especially for meteorological use cases.
We now discuss the advantages of implementing
both of these formats as backends to Polytope, whilst
also taking into account some of the limitations asso-
ciated with each of them.

XArray Data Arrays are used in many scien-
tific applications to store data along a set of well-
defined dimensions. Although they are often used
for geospatial or spatio-temporal data, they remain a
very generic structure which can be used to store vir-
tually any well-structured axis-aligned data. Further-
more, many other data formats have encoders which
transform these various formats into XArray data ar-
rays. Examples include TileDB arrays [7] and Zarr
data stores [6], as well as data stored in netCDF [8]
and GRIB files [2]. It is thus possible to extract data
from those formats through Polytope by using the
XArray datacube backend. This shows that the XAr-
ray datacube backend is very versatile and makes
Polytope accessible to users from a range of differ-
ent fields. One significant limitation of this backend
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however is that XArray data arrays can not hold data
which has a more complex structure, such as irreg-
ular axis lengths or branching of the datacube. In
ECMWF’s weather data for example, data might be
available on different timesteps according to the cho-
sen parameter, showcasing irregularity in the data.
Meanwhile, unlike pressure level data, surface data
does not require the specification of an additional
level axis, which shows the branching nature of the
ECMWF weather datacube. Both of these irregu-
lar and branching properties prevent ECMWF oper-
ational data from being efficiently represented as an
XArray data array and an alternative object is thus
needed to store data exhibiting such properties.

FDB Object Stores are, in contrast to XArray data
arrays, more tailored to meteorological data. They
store data according to a hierarchical schema and
thus provide better support for special datacube prop-
erties such as the branching or irregular data men-
tioned previously. At ECMWF, FDB is used both
in operations and in the Destination Earth initiative
to store the data produced by the weather model and
digital twins respectively. Through the newly devel-
oped GribJump software [1], FDB object stores are
now also byte-addressible and can efficiently return
singular bytes within their stored data. This enables
the Polytope feature extraction mechanism shown in
Figure 2 to run directly on these FDB object stores.
For ECMWF data, this implies that the data does not
need to be first downloaded and stored as an XArray
before being able to perform feature extraction us-
ing Polytope. Implementing FDB object stores as a
datacube backend to Polytope thus allows for faster
access to weather data features than the XArray data
array backend does. FDB object stores however only
store data in GRIB format, which is a data format
specific to the weather and climate community. Be-
cause of this, the FDB datacube backend cannot be
used to perform Polytope feature extraction for appli-
cations from more diverse fields, which is the main
limitation of this backend.

3.2 Datacube Properties
Weather and climate data has some unique char-

acteristics, which are mostly due to how the data
is produced and stored. These characteristics af-

fect both the structure of the associated datacube,
as well as the way in which data can be queried on
this datacube. To create a more seamless data ex-
traction mechanism for Polytope users, special op-
erations on the datacube axes, called ”transforma-
tions”, have been introduced in the extraction algo-
rithm. Some of the main transformations that have
been implemented within the Polytope algorithm are
highlighted in the rest of this section.

Cyclic axes One specificity of weather data is that
it has a cyclic longitude axis. For example, a data
point at longitude 420 is equivalent to a data point at
longitude 60. Users who request a point at longitude
420, will thus expect the same output as if they re-
quested a point a longitude 60. Weather and climate
datasets however usually only store data on a longi-
tude range of [0, 360] or [-180, 180]. To allow users
to seamlessly request points outside of these ranges
as well as shapes which cross the cyclic boundary of
the data, Polytope implements a special translation
of the user-requested points to points lying within the
stored longitude ranges.

Grids Weather data is usually computed on struc-
tured isolatitude grids. For each grid, the data points
are then stored along a set of indices i = 0, . . . ,Npoints
according to a scheme specific to that grid. To
allow users to request shapes defined along the
latitude-longitude axes instead of in terms of these
grid indices, Polytope implements the mappings
between grid indices and corresponding latitude-
longitude points for several commonly used grids.
Currently, Polytope supports octahedral, reduced
latitude-longitude, regular latitude-longitude as well
as HEALpix grids.

Merged axes At ECMWF, weather data is stored
along two axes of time: the datetime that the fore-
cast was run, and the timestep of the forecast into
the future. For the former, weather data is typically
addressed using a date and time combination, ex-
pressing the date of the forecast and the particular
daily cycle (e.g. date=20240601, time=00). When
requesting timeseries spanning several days however,
separating the date and time axes like this becomes
inconvenient as the user request quickly becomes
more complicated to formulate. Instead, Polytope
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implements a merging of these axes into just one
datetime axis which allows for a more seamless user
experience.

4. Polytope in Destination Earth
The European Union’s Destination Earth (Des-

tinE) initiative is a project to build digital twins of
the earth [10]. Due to their fine resolution, these dig-
ital twins are predicted to produce an unprecedented
volume of data, in the order of a petabyte per day. To
efficiently manage and work with this large amount
of data, the DestinE initiative is implementing the
Digital Twin Engine (DTE), a software infrastructure
especially designed to power the digital twins. Poly-
tope is the main data access mechanism in the Digital
Twin Engine, allowing its users to perform feature
extraction on the digital twins’ output weather and
climate data. Polytope and the DTE play a critical
role in the DestinE initiative as they are an integral
part of ECMWF’s software and services required to
access any DestinE digital twin data.
In this section, we first discuss the motivation for us-
ing Polytope to access and retrieve data in the Digi-
tal Twin Engine, highlighting in particular why such
a new data retrieval system is needed in the Desti-
nation Earth initiative. We then describe some of
the features that can already be extracted by Poly-
tope users, before showing an example of the feature
extraction algorithm on digital twin output data.

4.1 Motivation
In weather forecasting, output data is written and

stored in fields, or layers of the earth. Tradition-
ally, data extraction mechanisms would return en-
tire fields to users, who would then do some post-
processing locally to retrieve the data which they
need. With the higher resolution models in Desti-
nation Earth’s digital twins, these fields are signif-
icantly growing in size. Returning entire fields to
users thus implies much more data transfer than be-
fore. Returning whole fields of this size also puts
significant load on the whole IO system, which re-
duces the number of users which can be served. Tra-
ditional data extraction mechanisms therefore do not
scale well to the growing data sizes encountered in
the Destination Earth initiative.

In comparison, Polytope only retrieves the specific
bytes of data needed by users, reducing the data
transfer in the system to the bare minimum required
for user applications. Using Polytope thus makes
data retrieval both efficient and scalable to a larger
number of users.
Additionally, Polytope helps make retrieving digital
twin data more interactive as users can request cus-
tom shapes specific to their applications. Since only
the data within the user-specified shapes is retrieved,
Polytope also helps reduce the data post-processing
work on the users’ side. This highlights the benefits
of Polytope not only for the digital twin system, but
also for individual users.

4.2 Supported Features
Polytope can extract any user-defined shape of

data through its built-in interface. To make it
more accessible to a wide range of users however,
some commonly requested features have been imple-
mented in a higher-level domain-specific interface.
They currently include

• timeseries,

• vertical profiles,

• user-specified regions and

• bounding boxes.

4.3 Example
We now show an example of the Polytope feature

extraction algorithm on Destination Earth’s Climate
Adaptation digital twin. In this example, we extract
a timeseries around Lisbon in Portugal. In particu-
lar, we retrieve hourly data for an entire year so that
we can observe the changes in 2 meter temperature
over this period. The extracted data is shown in Fig-
ure 3. Instead of extracting global fields for all of
these timesteps in the forecast, using Polytope, we
retrieved only the relevant data points for our appli-
cation around Lisbon. This constitutes a significant
improvement as only about 1.4 MB of data were ex-
tracted instead of hundreds of gigabytes. Not only
is this more efficient for the digital twin system, but
it also allows the user to focus more on their appli-
cation rather than worrying about downloading and
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Fig. 3. Timeseries of the two meter temperature (t2m) in degrees Celsius over Lisbon, Portugal. This figure
was produced using hourly t2m data from the Destination Earth climate adaptation digital twin over the
period ranging from 01-01-2020T00:00:00 to 31-12-2039T23:00:00.

then processing large amounts of data on their local
machine. This example thus perfectly showcases the
benefits of the Polytope feature extraction algorithm
for both an operational data-producing system, like
the digital twin, and its users.

5. Conclusion
In this paper, we introduced the Polytope algo-

rithm and highlighted some of its important features
which make it suitable for weather forecasting ap-
plications. We then discussed its crucial role within
the Destination Earth initiative as part of the Digi-
tal Twin Engine. Although currently the algorithm
is only a prototype, with phase two of the Destina-
tion Earth initiative, Polytope will soon become an
operational service. As we move towards this goal,
future work will entail a more thorough performance

analysis of the algorithm as well as subsequent op-
timisations. Additionally, various surrounding ser-
vices will be developed to make Polytope available
to a wider range of both technical and non-technical
users.
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5 Earth Observation Datacubes Use Case

Beyond weather and climate data, the Polytope feature extraction algorithm is ap-
plicable to a wider range of Earth science domains. In the following paper [70], we
demonstrate its application to Earth observation (EO) satellite imagery and derived
data products. We first review existing datacube implementations in the EO com-
munity, then show how Polytope can be integrated with these systems, and finally
present several representative use cases. We highlight that EO data management
faces challenges similar to those encountered in NWP, making the Polytope feature
extraction approach broadly applicable across multiple Earth science applications.
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Abstract
Earth Observation (EO) has been one of the main drivers of the aerospace sector for over 60 years.

With increases in satellite instrument precisions and EO satellite launches, the data produced by this field
has grown exponentially in the past few years. To continue using EO data in downstream applications, it
is thus essential to find new methods of representing and accessing this data, which are both efficient and
intuitive. In recent years, EO data has often been represented as datacubes, with initiatives such as the Earth
System Data Cube or Open Data Cube paving the way towards a unified access to different EO data streams.
Indeed, by combining different observation data types into single datacubes, EO data access has become
easier for users, who can now find most of the data they need for their scientific applications in one place.
As these EO datacubes grow in size, there is no clear-cut way of accessing them efficiently. In this paper,
we describe an algorithm (Polytope), which retrieves any arbitrary, user-defined shapes (or “features”) that
the user is interested in, returning solely the data within these query shapes. We show the benefits of using
the Polytope algorithm as opposed to traditional data extraction methods that rely on axis-aligned coverages
through specific EO examples that might be of interest to the community.

Keywords: Earth Observation, Datacubes, Feature Extraction, Data Processing, Data Management

Acronyms
EDR - Environmental Data Retrieval
EO - Earth Observation
EU - European Union
ESA - European Space Agency
I/O - Input/Output
OGC - Open Geospatial Consortium
SAR - Synthetic Aperture Radar

1. Introduction
Since the 1950s with the Explorer satellite program,
which first detected the van Allen belts and studied
Earth’s atmospheric layers, Earth Observation (EO)
has become one of the key drivers of investment in
the space sector. With over a fifth of all orbiting
satellites being EO satellites, this field is indeed cen-
tral to the aerospace industry and is only bound to

continue growing in the coming years.
EO satellites’ main purpose is to collect complete
datasets of various instrument measurements of our
Earth and its atmosphere. These datasets are gigan-
tic, with the European Union (EU)’s Sentinel satel-
lites alone producing over 20 terabytes of data per
day [1]. What drives the interest in EO is the ability
to use the datasets produced in downstream applica-
tions and infer from them useful information such as
potential extreme events for example.
The size of these datasets is however quickly grow-
ing. Indeed, with each new EO satellite launched
into space and additionally, with improved on-board
instrument precision, more and more EO data is pro-
duced daily. As these EO datasets grow, accessing
this data becomes increasingly difficult. This poses
an essential challenge to scientists trying to use this
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data in downstream applications. To continue ex-
tracting value from EO satellites, we thus need to
develop novel structures and methods to store and
access these growing petabyte size datasets.
In this paper, we introduce an extraction algorithm,
called Polytope, which helps users gain access to
such peta-byte scale EO datasets. We first start by
discussing how we can restructure EO data into dat-
acubes. In particular, we highlight current initiatives
that work towards this aim, before explaining how
we could construct an ideal universal EO datacube.
We then introduce our novel data extraction algo-
rithm, Polytope, which provides easy and efficient
access to large datacubes. Finally, we give a few
examples of how Polytope can be used on EO data
before concluding our work.

2. Data Challenges
With the surge of EO data produced daily in recent
years, working with this data has become increas-
ingly difficult. Whilst increased on-board instrument
precision and better earth coverage hold a promise
for better scientific predictions for downstream ap-
plications, efficiently storing petabytes of observa-
tion data and making it easily accessible in scientific
applications has proven to be a non-trivial task.
As highlighted in [2], currently users have to down-
load whole datasets instead of specific subsets of in-
terest when working with EO data. Due to their
size, downloading these EO datasets takes up signif-
icant disk space. When working on several of these
datasets at once, users thus quickly face memory
problems. This implies that users are restricted with
respect to the number of datasets they can work on
at the same time. As many scientific applications re-
quire the simultaneous use of different datasets, this
memory limitation poses a threat to innovative down-
stream applications.

3. Storing EO Data
The first step towards making EO data readily avail-
able to users is to structure and store this data using
a common, logical and well-defined format.
Indeed, EO data would be much easier to access if it
were all stored in the same place and users did not
have to browse through different platforms to obtain

Fig. 1. Earth System Data Cube by the European
Space Agency (ESA) [3].

all of the data they are interested in. Before aggre-
gating all EO data together however, clear guidelines
on how to structure this common dataset need to be
formulated. Such guidelines will help users navigate
the dataset and thus make the data much more dis-
coverable and easily accessible than before.

3.1 Datacubes
The current approach taken towards efficiently stor-
ing EO datasets is to represent the data as a datacube.
This is shown in Figure 1 for an example EO dat-
acube.
The main advantage that datacubes offer compared
to other data structures is that all the data is stored in
a clear fashion along previously well-defined dimen-
sions, such as latitude, longitude and time for EO
datacubes. This makes browsing through petabytes
of EO data extremely easy for users. Indeed, storing
data this way allows users to query all different types
of EO data in the same way through a common inter-
face. In particular, knowing the datacube dimensions
in advance implies that users can systematically re-
quest data along dimensions they know exist in the
datacube.
As we will see in the next section, storing data in
datacubes also makes it possible to take a unified ap-
proach towards efficiently extracting EO data.
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3.2 Current Initiatives
After realising the importance of making EO data
easily accessible to users, several entities have al-
ready started implementing their own separate dat-
acubes. From national governments to research in-
stitutes, scientists around the world have been inves-
tigating how to group different data measurements
together into datacubes. These initiatives include the
Earth System Data Cube [4], developed as part of the
European Space Agency (ESA) funded Earth System
Data Lab [3], the Swiss Data Cube [5], Digital Earth
Australia’s Open Data Cube [6] (which was initially
based on the Australian Geoscience Data Cube [7]),
the Euro Data Cube [8] and University of Wurzburg’s
eo2cube [9]. We now discuss some of these dat-
acubes and their features in more detail.

Earth System Data Cube This 4-dimensional dat-
acube stores satellite imagery data along the spatial
dimensions x and y, the time dimension t and an addi-
tional dimension variable, which indicates the obser-
vation type. To obtain a common grid for all observa-
tion types, regridding and gap-filling of observations
is performed. Note that during these data manipu-
lations, all original observations are kept so that no
real data is lost. Where synthetic interpolated data is
created, it is specifically tagged to be easily differen-
tiated from real observations. The datasets stored in
this datacube cover the entire Earth. Regions in the
spatial dimensions are moreover clearly separated
into land and sea regions to make different observa-
tion types available on these separate regions. This
is an important feature of the datacube, which makes
it possible to include observations which might only
exist for exactly one of these regions, such as sea ice
thickness for example. Data can then be extracted
from this datacube through orthogonal subsetting op-
erations, such as choosing specific values or value
ranges to extract.

Open Data Cube This datacube stores about 1.5
petabytes of satellite imagery data along the same
4 dimensions x, y, t and variable as the Earth Sys-
tem Data Cube. All observation types in this dat-
acube have been modified to have common meta-
data standards and thus make this data easier to find
within the datacube. Note however that all of the

original data points have been preserved here so that
no information is lost. In addition, all data in this
datacube has been pre-processed to make it directly
analysis-ready upon retrieval. Importantly, observe
that in this datacube, only local data over Australia
is stored. The data here is stored using the XAr-
ray Python library [10]. To query data on this dat-
acube, users can then use the Open Geospatial Con-
sortium (OGC) Environmental Data Retrieval (EDR)
standard [11], requesting specific pre-defined shapes,
such as points, lines and polygons along the spatial
dimensions. Internally, when users request a non-
orthogonal shape such as a polygon which cannot be
obtained by simple orthogonal subsetting, the min-
imum and maximum bounds of each dimension in
this shape are computed. All the data which falls
within these bounds is then returned to the user, so
that users only ever get back bounding boxes of data.

eo2cube This project is comprised of several local
4-dimensional datacubes, storing data over local re-
gions such as Bavaria or South Africa. The dimen-
sions here are again the same as the ones used in the
Earth System Data Cube. Compared to the other dat-
acubes, the data here is not regridded, but instead,
the original datasets are stacked together to obtain a
datacube. Like the Open Data Cube, the eo2cubes
are stored as XArray datasets from which users can
request points, lines and polygons. Internally, when
users request a shape, all the data within the min-
imum and maximum bounds of each dimension in
the shape is loaded into memory. A mask is then ap-
plied to this extracted data to only show values over
the requested shape. Some statistical computations,
such as calculating the mean or standard deviation of
a variable over the requested shape for example, can
be automatically performed after extraction on these
datacubes. This post-processing step allows users to
get a brief summary and a better understanding of the
data that they are extracting.

4. Polytope Extraction Algorithm
Now that we have addressed the first challenge of
designing appropriate EO datacubes, we tackle the
problem of extracting data from these datacubes. In
particular, we introduce our new data extraction al-
gorithm, Polytope, and give a motivation of why this
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new algorithm is needed for efficiently working with
EO data.

4.1 Motivation
As mentioned in [12], one of the big challenges
that comes with working with EO data is download-
ing the data in the first place before being able to
use it in downstream applications. Indeed, with a
growing EO satellite population as well as increas-
ing on-board instrument resolutions, EO data will
soon reach the petabyte mark in daily data produc-
tion. Users then have to select and download the
datasets and specific images they are interested in
among this data for different timesteps and spatial
locations. This is a very expensive task both in terms
of time and computer memory.
The current approach taken to perform this task is
to store the data as a datacube and then query spe-
cific values or ranges across the datacube’s dimen-
sions. This orthogonal subsetting operation across
the datacube dimensions was clearly highlighted in
the cube examples from the previous section and can
be viewed as extracting a bounding box of the data
users are interested in. Most current implementa-
tions of the OGC EDR standard [11] take a similar
approach and do not load in memory only the data re-
quested, but rather the entire bounding box around it.
This implies that a lot more data than users actually
need is downloaded and read from the datacube’s I/O
system. This can lead to high latency, and in some
cases, the inability to even load the requested data.
As the size of the data that users are requesting is
quickly increasing, it is thus necessary to find an al-
ternative approach to retrieve data from this EO dat-
acube.

4.2 Polytope Mechanism
To try to address some of the issues raised in the pre-
vious subsection and be able to efficiently query data
from datacubes, we have developed the Polytope ex-
traction algorithm. This algorithm works on struc-
tured datacubes which can also be irregular and im-
balanced, like the EO datacubes we described above.
The idea behind the Polytope algorithm is quite sim-
ple. Users start by first providing a polytope, or n-
dimensional polygon, as an input to the algorithm.

As polytopes can be used to approximate any more
generic shape, even shapes with smooth curved sur-
faces, this implies that users can in fact request any
imaginable shape they are interested in. The Poly-
tope algorithm then acts as a function which takes in
this polytope shape and only returns exactly the bytes
of data contained within that requested polytope in
the datacube. This is shown in Figure 2 for an exam-
ple of temperature data extraction over Greece.
Internally, the Polytope algorithm works by suc-
cessively hyper-plane slicing the provided n-
dimensional polytopes down to a list of 0-
dimensional points contained within the shapes. This
implies that the algorithm only finds the exact points
in the shape and no additional ones. This is then used
to find only the exact bytes in the data corresponding
to those points.
By finding the specific bytes corresponding to the
data that users want in the datacube, the Polytope al-
gorithm makes it possible to return only these spe-
cific bytes needed by the users instead of the en-
tire bounding boxes around the data that they want.
As there are many cases where users want to extract
shapes that are not bounding boxes, the Polytope al-
gorithm thus represents a significant improvement
compared to traditional data extraction approaches.

5. Example Polytope Use Cases
We now show specific examples of how the Poly-
tope algorithm can be used in EO use cases. We also
highlight the benefits of using the Polytope algorithm
instead of the more traditional extraction approaches
implemented in today’s EO datacubes.

5.1 Sea Ice Thickness Example
Imagine a user who wants to estimate the effects of
climate change on the sea ice thickness along the
coastline of the Svalbard Island in Norway. They are
specifically interested in comparing the difference in
sea ice thickness between 1967 and 2020 in this re-
gion. Using a traditional extraction approach, they
would first have to download the entire dataset of
sea ice thickness around the world at their chosen
timesteps in 1967 and 2020. They would then have
to manually select their region of interest, but only
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Fig. 2. Mechanism of the Polytope algorithm for an extraction of temperature data stored in a GRIB file
over Greece. The Polytope algorithm acts as a function f that finds the specific bytes of temperature data
contained within Greece in a given datacube.

after having downloaded sea ice thickness data for all
locations over the Earth. By using Polytope, this pro-
cess is made easier and the user only downloads the
specific bytes of data which are of interest to them.
This saves them both considerable post-processing
efforts but also memory space on their local machine
to which they download the data. The precise bytes
the user gets back are shown in Figure 3, where the
area contained within the black border line is the sea
ice region around the Svalbard Island in 1967 and the
blue dots represent the sea ice region in 2020, which
has considerably shrunken.

5.2 Burnt Land Example
Now imagine a second user who wants to evaluate
the damages made by a recent fire around his home-
town in Arizona using satellite imagery. Tradition-
ally, he would have had to download all of the satel-
lite imagery data for a large region of around 400
km2 around his hometown from the Landsat satel-
lite database [15], which are about 600 KB each.
Using the Polytope algorithm, he can now instead
only download the few data points of interest to him
around his hometown, as shown in Figure 4. From
this data, he quickly determines that only about half
of the land in his hometown was severely affected by
the fire and burned (in red), whereas the other half
was not affected at all (in yellow). The Polytope al-
gorithm thus helps him more efficiently access the

data that he needs while saving memory on his inter-
nal system.

5.3 Sea Chlorophyll Example
Finally, imagine a user who wants to assess whether
a particular shipping route from Paris to New York
might harm whales in the Atlantic. She is inter-
ested in the chlorophyll levels along that shipping
route in the Atlantic, as chlorophyll levels are pro-
portional to the plankton population size, which are
whales’ main food source. Using a traditional ex-
traction method, she would have to extract the whole
chlorophyll satellite imagery data from around the
globe to then only use a small subset of this data
along her shipping route of interest. Using the Poly-
tope algorithm, she can instead directly download the
data of interest to her, as shown in Figure 5. As in
the other examples, this saves her significant local
memory space as well as post-processing time after
extraction.

5.4 Discussion
As we saw in the examples above, the Polytope algo-
rithm can be used in many EO use cases. Compared
to traditional datacube extraction methods, such as
the ones used in the Open Data Cube or eo2cube,
which return the entire satellite imagery datasets
which contain the shape the user requested, the Poly-
tope algorithm only returns precisely the bytes of in-
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Fig. 3. Example of sea ice thickness data extraction around the Svalbard region using the Polytope algorithm.
This figure was obtained by extracting the sea ice region in 1967 (region contained within the black line) [13]
from the Copernicus Marine Data Store’s Global Ocean Physics Reanalysis dataset [14]. The blue points are
the bytes found by the Polytope algorithm for the sea ice thickness (in meters) in 2020.

Fig. 4. Example of burnt land data extraction around a town in Arizona using the Polytope algorithm.
This figure was obtained by extracting a disk around the town of interest from the USGS burnt land product
(which is derived from Landsat satellite imagery data) [15]. The red and yellow points respectively represent
burnt and unburnt land.
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Fig. 5. Example of the chlorophyll level data extraction along a shipping route in the Atlantic using the
Polytope algorithm. This figure was obtained by extracting a path shape from the Copernicus Marine Data
Store’s Global Ocean Biogeochemistry Analysis and Forecast dataset [16]. The coloured points are the data
points found along the requested shipping route in this dataset and show the chlorophyll levels at each found
location.

terest to the user. For users, this implies less post-
processing and more importantly, less data down-
loaded locally. Furthermore, for the datacube I/O
system, this lessens the load per user request on the
system, potentially allowing for more users to ef-
ficiently request data at the same time. We thus
see that the Polytope algorithm improves upon tra-
ditional data extraction methods both in terms of ef-
ficiency of the datacube as well as in convenience
for EO data users. As we move towards larger EO
datacubes, tools such as the Polytope algorithm will
become essential to efficiently access EO data.

6. Conclusion
In this paper, we first discussed the need for dat-
acubes in the EO field, describing in particular the
need for a common universal datacube to make data
more easily accessible to users. We then introduced
our novel Polytope extraction algorithm and high-
lighted its benefits compared to traditional data ex-
traction methods with the help of a few examples.
Future work includes a performance analysis of the

Polytope algorithm, as well as prototyping the Poly-
tope algorithm in a EO datacube. Now that the Poly-
tope algorithm has been shown to work in a few ex-
amples, it is essential to carry out this work before
being able to use this novel extraction method in op-
erational frameworks.
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6 Feature Extraction on Unstructured Grids

So far, we have demonstrated that the Polytope algorithm is both efficient and
scalable across a wide range of datasets and application domains. One important
limitation of the current approach, however, is its restriction to well-structured iso-
latitude grids. As some NWP models and other scientific simulations are produced
on fully unstructured grids, they therefore fall outside the scope of the original al-
gorithm.
We address this limitation in the following paper [72] by extending the Polytope
algorithm introduced in Chapter 2 to support unstructured grids. This extension
introduces a second feature extraction algorithm that relies on fewer structural as-
sumptions and can therefore operate on arbitrary grid types. We present examples
of applying the extended algorithm to several unstructured grid configurations and
evaluate its performance and scalability, with particular emphasis on comparisons to
the original algorithm. Finally, we discuss how this new approach can be integrated
into the broader Polytope-based feature extraction service as part of a unified data
extraction system.

This work has been submitted for publication in the 2026 proceedings of the Platform
for Advanced Scientific Computing (PASC) and the open-source implementation of
the algorithm is available on GitHub as part of the Polytope repository [75]. I am the
primary author of this publication. The specific contributions of myself and my co-
authors are outlined below according to the Contributor Roles Taxonomy (CRediT):

M Leuridan: Conceptualisation, Software, Formal analysis, Visualisation, Writing-
original draft; J. Hawkes : Conceptualisation, Writing-review & editing; M. Schultz :
Writing-review & editing; T. Quintino: Conceptualisation, Writing-review & edit-
ing.
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Abstract
In recent years, the volume ofmeteorological data has grown rapidly
due to higher model resolutions and more frequent data output. To
handle this increase efficiently, the European Centre for Medium-
Range Weather Forecasts has developed new ways to extract data
without accessing full meteorological fields through their feature
extraction capabilities. This includes in particular the Polytope al-
gorithm, which lets users extract time series or regional subsets
directly from the data backends, greatly reducing data transfer and
processing time. However, the current algorithm only works on
structured iso-latitude grids such as octahedral or HEALPix grids.
Many modern meteorological models, by contrast, use unstructured
grids where points do not align along latitudes, such as Lambert
conformal or ICON icosahedral grids. In this paper, we extend the
Polytope algorithm to support these irregular grids. We first explain
why the original approach was limited to structured data before
introducing a new extraction method, which uses the well-studied
quadtree data structure. As a popular data structure in geospatial
applications, we focus on describing how quadtrees can be inte-
grated within the Polytope feature extraction framework to handle
complex grid geometries. We then assess the performance and scala-
bility of this algorithm, which performs on par with state-of-the-art
alternatives used in geospatial applications. In particular, the ex-
tended algorithm outperforms other methods when accessing large
or complex regions and therefore offers a compelling alternative to
current data extraction techniques for large-scale datasets. Finally,
we conclude by discussing how this algorithm can be integrated
into an operational data service.
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•Mathematics of computing→Mathematical software per-
formance; • Information systems → Data access methods;
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1 Introduction
In recent years, scientific data production has reached unprece-
dented scales, with scientific data archives around the world grow-
ing by orders of magnitude. In the fields of numerical weather
prediction (NWP) and climate science in particular, initiatives such
as kilometer-scale modeling [14, 23, 29, 50] and AI-driven weather
forecasting [6, 25, 44] have pushed daily data generation into the
petabyte range. With these increasing data volumes, and with the
rise of data-driven science and engineering, efficient data access
has become essential for enabling scientific discovery, innovation
and timely decision-making.
In meteorology, data is typically stored as two-dimensional hori-
zontal slices of the atmosphere, called fields. Traditionally, meteo-
rological data access systems return entire fields to users, without
the possibility to subset these data units. However, with model
resolution increases, field sizes start to grow quadratically. This fast
growth can then quickly strain the data systems, especially when
serving many users at once. To maintain scalability, modern data
frameworks are shifting towards the use of chunking [3, 38, 43]
to enable efficient data access. This approach, however, depends
on prior knowledge of common access patterns to optimize chunk
layout.
To support arbitrary data access without such assumptions, the
European Centre for Medium Range Weather Forecasts (ECMWF)
developed the Polytope feature extraction service [27, 28]. Instead
of relying on pre-defined chunks, Polytope dynamically computes
which data bytes to query from meteorological data files. This en-
ables the flexible and efficient retrieval of any high-dimensional
shape from large weather datacubes, supporting fast on-demand
access for dynamic digital twins and helping build more stream-
lined, user-centric workflows. Polytope is an efficient data retrieval
technique that reduces both the load on the system, as well as the
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user-side post-processing needs [26]. Using this algorithm, a sci-
entist estimating storm risk for a specific city can, for example,
extract only the relevant grid points, rather than downloading full
forecast fields, as required by traditional systems. This minimises
data transfer and simplifies downstream analysis. Polytope has not
only demonstrated strong performance across a variety of use cases,
but also scales well to different extraction shapes and dimensions.
However, despite its advantages, Polytope currently only supports
extraction from datacubes on iso-latitude grids. Whilst this includes
widely used grids like the octahedral [36], HEALPix [15], and reg-
ular latitude-longitude grids, it is a significant limitation of the
current algorithm. In particular, it implies that feature extraction is
not currently possible on more complex irregular grids, such as the
icosahedral grid [32] used by the ICON model [60], the tripolar and
curvilinear grids [30] used by the NEMOmodel [34] or the Lambert
conformal conic projection [9, 57].
In this paper, we address this constraint by extending Polytope
to support arbitrary unstructured grids. We first provide a more
complete motivation of this work, before explaining the origin of
the limitation in the current algorithm and reviewing related work.
We then introduce the extended algorithm, demonstrate its use on
various irregular grids, and evaluate its performance. Finally, we
discuss integration into the existing service and consider perfor-
mance and scalability implications on the overall data extraction
system.

2 Background
To motivate our work, we begin this section by quickly describing
the original Polytope algorithm, before then providing a few exam-
ples of irregular grids. These examples highlight a key limitation
of the current Polytope algorithm, which relies on the assump-
tion that the datacube can be decomposed into tensor products of
1-dimensional spaces. Since irregular and unstructured grids are
inherently embedded into 2-dimensional space however, a different
extraction approach is required for them. To address this inconsis-
tency, we will need to adapt the current query algorithm to operate
in higher dimensional spaces. We therefore conclude the section
with a review of related work on 2-dimensional point search and
spatial indexing problems.

2.1 Original Polytope Algorithm
The Polytope algorithm [27] is a feature extraction algorithmwhich,
for any arbitrary n-dimensional request shape, computes the set of
datacube points contained within it. Using computational geometry
concepts, it first decomposes the request shape into a set of convex
sub-polytopes. At this point, each sub-polytope is then successively
sliced along all of the datacube coordinate axes. This reduces the
sub-polytope dimension by dimension until it has been completely
decomposed into a set of one-dimensional line segments, as shown
in Figure 2. The datacube points contained within these segments
are then identified and returned to the user as the full set of points
contained in the original request shape.
The algorithm relies on the important assumptions that we can
both perform these axis-aligned slicing operations efficiently, and
then quickly identify the points contained within the resulting
one-dimensional segments.

2.2 Irregular Grids
While many NWP models are based on iso-latitude grids, other
grid types offer interesting advantages, including improved spa-
tial uniformity and a more stable convergence of solutions. These
encompass icosahedral [54] and Yin–Yang grids [22], as well as
projected grids such as Lambert conformal [57], Mercator [16] and
polar stereographic projections [33], which are commonly used in
limited area modelling [8, 42, 46] for their regional accuracy and nu-
merical stability. Examples of such grids, which are not iso-latitude
and we therefore treat as irregular, are shown in Figure 1(a).
Although they are not iso-latitude, these grids still retain a clearly
defined spatial arrangement. By contrast, some earth science datasets
lack any regular 2-dimensional structure and are thus classified as
unstructured grids [56]. Examples include observational datasets
and more complex spatial configurations such as the ocean ORCA
grids [35], which are especially tuned to lie within specific regions.
Examples of such completely unstructured grids are shown in Fig-
ure 1(b).
In all of these examples, the points are clearly unaligned and do not
follow a coherent structure along the coordinate axes. The current
Polytope algorithm, however, relies on slicing polytopes along each
of the datacube axes, including the grid axes, at constant coordinate
values. As described in [27] and shown in Figure 2, this process
eventually requires identifying points that lie within the extents
of a line segment on an axis. On structured grids, this works well
because multiple points can usually be found within such extents at
the same time and for a relatively cheap cost. However, for unstruc-
tured and irregular grids, or more generally any non–axis-aligned
point clouds, each point would need to be checked individually,
since there is no guarantee that several points will fall within a
given extent. This makes the operation inefficient and unsuitable
in practice for unstructured data. Therefore, a different approach is
needed to perform an operation comparable to the Polytope slicing
in these cases.
Fundamentally, the problem arises because we try to simplify the
search by reducing it to a one-dimensional space, where binary
search can then be applied efficiently. This works well for uniform
iso-latitude grids, since their layout can be mapped clearly onto a
line. Irregular and unstructured grids however do not behave this
same way as they are inherently two-dimensional objects. Forcing
them into a one-dimensional order therefore loses important spatial
relationships and as a result, one-dimensional methods like binary
search tend to break down and become inefficient. Instead, we need
to approach the problem in its natural dimensionality by using
spatial indexing and search techniques that are built for higher
dimensions. This includes the use of specialised data structures or
other spatial partitioning methods [4, 12, 17, 52, 53], which allow
for efficient point searches in irregular and unstructured spaces as
they preserve the spatial aspect of the problem.

2.3 Related Work
Over the years, scientists have developed a variety of data struc-
tures and query algorithms to efficiently work with spatial point
cloud data. With the rapid growth of geospatial data in particular,
specialized systems and techniques have emerged to improve how
this data is indexed and queried.
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(a) Example of a Yin-Yang grid [2]. (b) Example of a temperature observations dataset [13].

Figure 1: Irregular grid examples.

Figure 2: 1-dimensional slicing step.

One of the fundamental operations in this context is the point-in-
polygon test [51], used to determine whether a point lies within a
given polygon. Since its first introduction, this method has been
refined many times with techniques such as ray tracing [20, 24] to
increase efficiency for different use cases. In the geospatial field,
the point-in-polygon test is often used in polygon range queries
[40, 61]. Such queries aim to identify which points in a point cloud
fall within a user-defined region of interest, and are in fact the 2-
dimensional equivalent of the problem that the Polytope algorithm
is trying to solve. Note, however, that the naïve approach of solving
this problem by performing expensive point-in-polygon checks for
every point in a point cloud becomes prohibitively expensive for
high-resolution datasets with thousands or millions of samples.
Instead, researchers have developed specialised spatial data struc-
tures that capture how points are distributed in space and use
this additional information to avoid exhaustive and unnecessary
point-in-polygon checks. Examples include k-d trees [4], R-trees
[17] and quadtrees [49], along with their higher-dimensional vari-
ants [5, 31, 37]. Such spatial indexing structures have been widely
adopted in geospatial databases and scientific data analysis libraries

for over a decade. Notable examples include the use of k-d trees
and octrees in the Point Cloud Library [47], R-trees in GeoPandas
[21], k-d trees in the NextGEMS processing pipeline [50], a range
of spatial tree structures within the PostGIS framework [41], and
octree-based indexing in OpenVDB [39]. Each of these structures
offers unique trade-offs, and we now review some of their strenghts
and limitations to identify the most suitable approach for designing
an alternative slicing algorithm to the current Polytope algorithm.

k-d trees. A k-d tree is a binary search tree for locating points
in k-dimensional space. Each node splits the space into two half-
spaces by an axis-aligned hyperplane. The splitting coordinate
typically changes with depth and median splits are common for
balance, though other heuristics exist. Recursion continues until
leaf nodes contain a single or a small number of data points. This
data structure naturally generalises to any number of dimensions,
although it is most efficient in low dimensions where trees stay
shallow. For very large or high-dimensional datasets, the tree can
become deep as only one dimension is split per level. These trees
enable fast nearest-neighbor searches and range queries by pruning
subtrees whose subspace lies outside of the query. Axis-aligned
box queries are especially efficient on this data structure because
intersection tests with the splitting hyperplanes are simple cheap
comparison operations.

R-trees. An R-tree is a hierarchical tree data structure, which
stores information about how objects are clustered in k-dimensional
space. In such a tree, each node stores the minimum bounding
box that encloses all of its children. The tree therefore represents
rectangular regions in space rather than individual points. This
design makes R-trees efficient for queries on region intersection,
containment and unions, particularly for rectangular or box-shaped
ranges. However, exact point queries or searches with arbitrary
polygons are less efficient, since they first require approximating
each point with a bounding box before checking which of these
boxes intersect the query region, effectively building a box coverage
of the polygon. For each box of the coverage, we would then finally
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need to check point containment to verify that the points in the
bounding boxes are really inside of the polygon.

quadtrees. A quadtree is a spatial tree data structure used for
storing two-dimensional point data. Starting from a bounding box
of the domain, it is built by recursively sub-dividing the space into
four equal sized quadrants. The recursion step is repeated until
the resulting quadrant only contains a small number of points,
when the process terminates and the points contained inside of
the quadrant are stored as leaf nodes of the tree. This construction
guarantees that at any given depth, all quadrants in the tree cover
the same area, which ensures a uniform partitioning of the origi-
nal space. Since large empty regions can easily be pruned during
recursion, quadtrees are well suited for range queries, as well as
for applications such as collision detection and spatial mapping.
Their efficiency is however strongly correlated to the underlying
data point distribution as, with uniformly spaced data, the tree
remains balanced and shallow, while more clustered points lead to
an unbalanced tree that requires deeper traversal to answer a query.

The main objective of the algorithm developed in this paper is
to efficiently identify all of the points contained within a given
polygon from a high-dimensional unstructured point cloud. The
different spatial data structures described above offer complemen-
tary strengths, but not all are equally well suited to this task.
R-trees, for example, are designed to capture relationships between
extended regions by storing minimum bounding boxes. Whilst this
makes them effective for rectangular range queries, it complicates
polygon containment problems. As already mentioned, to handle
such problems in an R-tree, each point must first be represented as
a bounding box, and polygon queries then require additional inter-
section tests. This adds unnecessary overhead because the problem
is fundamentally point-based. k-d trees represent a more natural
approach, as they explicitly store point locations by recursively
partitioning the space along coordinate axes. However, in large and
fairly homogeneous spaces, such trees become very deep, since
only one dimension is split at each level. Querying then requires
traversing many nodes, making this data structure computation-
ally expensive for problems such as retrieving all points contained
within a polygon. Quadtrees offer a more suitable solution in this
situation. Indeed, they not only provide a balanced representation
of the space, especially when points are uniformly distributed, but
also enable efficient pruning of uninteresting regions while still
keeping tree depth manageable. This makes polygon containment
queries, such as the one we are trying to perform, both practical
and efficient.
Following this discussion, we therefore choose quadtrees as the
foundation of our work and design an algorithm that leverages
their properties to solve the required polygon containment query.

3 Extended Slicing Algorithm
In this section, we introduce a higher-dimensional slicing algo-
rithm that operates directly in higher dimensional spaces. This is
in contrast to the original Polytope slicing mechanism, where the
problem was always first reduced to lower dimensions. The method
described here builds on established spatial data structures to en-
able efficient queries, with quadtrees chosen as the most suitable

for polygon range searches. As discussed previously, such spatial
data structures are well-studied and have already been applied to a
range of geospatial problems. In this work however, we focus on
their adaptation and integration within the Polytope framework,
showing how they can be applied to large-scale meteorological data
extraction from complex grid geometries in an operational setting.
We first present the algorithm, before illustrating its extraction
capabilities. We then finally conclude the section by evaluating
the performance and scalability of the algorithm on a few example
Numerical Weather Prediction (NWP) datasets.

3.1 Modified Algorithm
Our proposed algorithm extends the Polytope algorithm [27] to
higher dimensions. Whilst the overall framework, including tree
construction, remains the same, the slicing step requires fundamen-
tal changes. The core assumption of the original method, which
is that points within a query range can be located directly as we
reduce the problem to 1-dimensional spaces, breaks down in a
higher-dimensional setting. This limitation makes the original al-
gorithm inefficient and impractical, if not completely unusable. To
overcome this, we instead introduce a new algorithm, which uses a
quadtree structure to efficiently identify points contained within
polygons. This not only addresses the weaknesses of the original ap-
proach, but also preserves scalability of the algorithm. Although the
approach naturally generalises to higher dimensions, in the follow-
ing we focus on two-dimensional unstructured latitude-longitude
subspaces since vertical levels, as well as other dimensions such
as time or ensemble number, are always well aligned in NWP and
climate models.

3.1.1 Pre-Computation Step. As a first step, we introduce a pre-
computation phase in which the available data in the datacube is
organised into a quadtree with leaf quadrants that each contain a
single grid point. This pre-processing is necessary because, unlike
earlier methods that could efficiently query raw data directly, our
algorithm requires a static spatial index to remain computationally
cheap. Indeed, building the quadtree in advance encodes the spatial
distribution of the data into a hierarchical structure, which can then
be reused efficiently during polygon and range queries. By shifting
this cost to pre-processing, we ensure that subsequent queries on
the same dataset are faster and, crucially, also remain scalable when
dealing with larger data volumes.
This pre-computation phase is especially effective for static grids,
such as those onwhichNWPmodels are defined, where the quadtree
only needs to be computed once and can then be reused across many
queries. More dynamic grids, such as the ones defining observa-
tional datasets from mobile platforms like ships or aircraft, might
change between queries and thus require the quadtree to be recom-
puted more frequently. Whilst this reduces the benefits of caching
the quadtree, the algorithm described here still applies in such
cases, with performance depending on how often the underlying
grid changes.

3.1.2 Dynamic Step. Building on the precomputed quadtree, we
introduce a slicing algorithm to identify all of the points contained
within a user-defined polygon. The general idea is to recursively
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Figure 3: Unstructured grid slicing algorithm.

slice the polygon along the boundary of each of the quadtree quad-
rants. At each step, we act on a given quadtree node, where a vertical
and a horizontal slice divide the polygon into four sub-polygons,
each fully contained in one of the child quadrants of the current
node. This subdivision continues until the leaves of the tree are
reached, where a point-in-polygon test then confirms whether the
leaf point lies inside of the final sub-polygons. The full procedure
is formalised in Algorithm 1 and illustrated in Figure 3.
Our approach extends two core components of the original Poly-
tope slicing algorithm [27]. First, the point inclusion step is gener-
alised from one-dimensional bound checks to a full two-dimensional
point-in-polygon test. Similarly to the original Polytope algorithm
however, the polygon that is being sliced at this step is guaranteed
to be convex. We can therefore apply similar strategies as in the
original algorithm to reduce the problem to a one-dimensional line
segment. As illustrated in Figure 4, the point-in-polygon test can be
reformulated as two simple bound checks. First, we verify whether
the vertical coordinate of the point lies within the vertical extent
of the polygon and, if so, we then determine the corresponding
horizontal extent of the polygon at that vertical position and check
whether the point’s horizontal coordinate falls within this inter-
val. Second, the one-dimensional hyperplane slicing operation is
extended to two dimensions, as shown in Algorithm 2. Instead of
reducing the dimensionality of the polygon by projecting it to a
lower-dimensional space, we preserve the full dimensionality of the
problem here by slicing the polygon along each dimension at every
recursion step. This operation produces four 2-dimensional sub-
polygons, which replaces the original algorithm’s 1-dimensional
projection and thereby ensures that the multi-dimensional nature
of the problem is maintained. Note that we perform similar steps
to the original 1-dimensional algorithm here, and in particular, we
still compare pairs of point on either side of the slice plane before
taking the convex hull. We therefore maintain the same complexity
as in the original algorithm [26] of 𝑂 (𝑚2), where𝑚 is the number
of nodes defining the input polygon. These two extensions allow
the algorithm to take full advantage of the hierarchical structure of
the quadtree, thus making polygonal queries in two-dimensional
space both efficient and scalable.

3.1.3 Optimisation Step. As an optimisation step to improve per-
formance, the algorithm checks whether a sub-polygon exactly
overlaps the full area of a quadtree node. If this is the case, the

Figure 4: Custom point-in-polygon test.

polygon fully covers the associated node quadrant, which implies
that all points stored in the leaf nodes of that branch must lie inside
of the polygon. These points can therefore directly be added to the
search result without any further tree traversal or point-in-polygon
tests. This pruning step allows an early return, avoiding unneces-
sary recursion, as well as helps reduce significant computational
overhead, especially for larger polygon queries.

3.2 Examples
We now demonstrate example extractions with our algorithm on
two non-iso-latitude grids, namely a Lambert conformal projection
grid and an ICON icosahedral grid. Both grids are used in the Desti-
nation Earth On-Demand Extremes digital twin to run specialised lo-
cal meteorological models. Unlike regular latitude–longitude grids,
these exhibit more complex two-dimensional mappings, as shown
in Figure 5, where the grid points are clearly not aligned with the
coordinate axes.
The Lambert Conformal projection is constructed by projecting a
regular iso-latitude grid onto a cone and flattening it into the plane
[9]. In principle, one could design a mapping to transform polygons
into this space, apply the original Polytope algorithm in a decom-
posed 1D form, and then map the results back. However, this would
require additional transformations and is not straightforward in
practice. Our quadtree-based method sidesteps this complexity, as
illustrated in Figure 5(a), which shows extractions directly on the
projected grid.
The ICON grid is even less structured. It is built from a nested
icosahedral decomposition of the sphere, whose vertices are by
construction never aligned with latitude or longitude [32]. Unlike
the Lambert projection, there is no simple analytical mapping to
transform this grid into an iso-latitude representation. In practice,
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Algorithm 1 Polytope Intersection Algorithm
1: Input: quadtree node 𝑛, polygon P.
2:
3: if 𝑛 is a leaf then
4: if 𝑛’s quadrant contains a data point then
5: if data point is contained in P then
6: Add data point to results
7: end if
8: end if
9: else
10: Slice P into polygons P1, P2, P3, P4 that fit inside 𝑛’s children’s quadrants
11: for child node 𝑐𝑖 in 𝑛’s four children do
12: Repeat algorithm with new inputs 𝑐𝑖 and P𝑖

13: end for
14: end if

Algorithm 2 Slice Algorithm
1: Input: polygon P, slice value 𝑥 𝑓 .
2:
3: Separate P’s vertices into sets 𝑆𝑙 and 𝑆𝑟 of points to the left and right of 𝑥 𝑓 .
4: for pairs (𝑝𝑙 , 𝑝𝑟 ) ∈ 𝑆𝑙 × 𝑆𝑟 do
5: Find intersection point 𝑝𝑚 of the line through 𝑝𝑙 and 𝑝𝑟 with the line 𝑥 = 𝑥 𝑓 .
6: Add 𝑝𝑚 to a set 𝑆𝑚 .
7: end for
8: Take convex hull of the sets 𝑆𝑙 ∪ 𝑆𝑚 and 𝑆𝑟 ∪ 𝑆𝑚 to get left and right sliced polygons.

ICON grids are distributed as precomputed files that store the point
locations explicitly. This irregularity makes polygon slicing particu-
larly challenging. Nevertheless, as Figure 5(b) shows, our algorithm
successfully extracts subsets of points on this unstructured grid
without requiring such a mapping.
These examples highlight that the algorithmworks reliably not only
on regular grids but also on complex, non-axis-aligned structures.
This allows us to return only the small fraction of bytes relevant
to a user’s query, even for very large, high-resolution datasets,
preserving the original motivation behind the Polytope algorithm.

3.3 Performance
The performance of the extended algorithm depends on two im-
portant aspects, which are the complexity of the input shape and
the complexity of the underlying dataset. Dataset complexity is
influenced by grid resolution and point distribution, which both
determine the number and density of points to be processed. Shape
complexity is defined by factors such as its area, the number of
vertices and the number of unions defining the shape. To assess
how these factors affect performance in an operational setting, we
first analyse their individual scaling behaviour. We then compare
the algorithm against state-of-the-art point-in-polygon approaches,
which serve a similar purpose. These reference methods rely on
standard point-in-polygon tests, often optimised by limiting com-
putations to points within a polygon’s bounding box, which is an
approach that we also adopt for our comparison [55, 58, 59]. The
algorithm implementation used for this performance analysis is
written in Rust and does not make use of any parallelism.

3.3.1 Scaling. The scaling behaviour of the algorithm is influenced
by two main groups of factors, those related to the size and struc-
ture of the dataset and those linked to the complexity of the input
polygon. While shape-related factors primarily affect the dynamic
extraction time, dataset-related factors impact both the quadtree
construction, or pre-computation phase, as well as the dynamic
extraction time.
We first investigate how the characteristics of the underlying dataset
affect total extraction times. In this experiment, a box of constant
size is extracted from uniform point clouds of varying densities
to assess how Algorithm 1 scales. As shown in Figure 6(a), both
the quadtree construction time and the polygon point extraction
time scale linearly with the number of points in such a uniformly
distributed point cloud. This behaviour is expected as a homoge-
neous point distribution produces a well-balanced quadtree, whose
traversal depth increases proportionally with the number of points.
However, real-world datasets rarely exhibit such uniformity. To
assess the effect of spatial inhomogeneity, we generate point clouds
of one million points drawn from normal distributions with vary-
ing standard deviations around the centre. Figure 6(b) shows that
when points are clustered and less evenly distributed, the quadtree
becomes less balanced, leading to higher construction times. On the
other hand, when points are more dispersed in space, the time re-
quired to identify points within the input shape increases. Although
this behaviour may seem counterintuitive, it arises because a more
dispersed distribution reduces opportunities for early termination
in the traversal. Indeed, since fewer quadrants are fully contained
within the selection area, more of the quadtree must be explored
during the algorithm runtime.
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(a) Extraction on a local Lambert conformal projection grid. (b) Extraction on an ICON grid.

Figure 5: Extraction examples on irregular grids.

Besides the point cloud properties, the remaining key factor which
influences the algorithm’s performance is the complexity of the
input polygon. Polygon complexity is mainly determined by two
characteristics, the number of vertices defining its boundary and
the number of polygon unions which compose the overall shape.
We first examine the impact of the vertex count. To isolate this ef-
fect, we use polygonal approximations of a circle with progressively
more vertices, keeping the enclosed area approximately constant to
avoid bias. The results, shown in Figure 7(a), confirm that quadtree
construction time remains constant, as the underlying dataset is
unchanged. For polygons with few vertices, total extraction time
is initially dominated by data retrieval from the storage backend
via the GribJump software [11], while the computational cost of
determining points within the polygon is low. This occurs because
simpler polygons cover larger areas, leading to larger data extrac-
tions. As polygon complexity increases, backend data retrieval time
stabilises, which indicates a consistent number of retrieved points,
whilst the time to compute points contained in the polygon grows
quadratically. This behaviour aligns with the algorithm’s theoret-
ical scaling, as the slicing step involves an increasing number of
polygon–line intersection operations.
The second factor to investigate is the number of unions compos-
ing the shape. To study this, we repeat the extraction for the same
circular region, represented as a union of an increasing number
of sub-polygons. As shown in Figure 7(b), both quadtree construc-
tion and data retrieval times remain constant, since the underlying
point cloud and extracted area are unchanged. However, the time
required to compute points within the polygon grows linearly with
the number of unions, which then directly impacts the total extrac-
tion time. This linear relationship can be explained by the fact that
each sub-polygon is processed independently using Algorithm 1.

3.3.2 Method Comparison. Having examined the key factors influ-
encing extraction performance from both the dataset and polygon
perspectives, we now compare the algorithm against state-of-the-
art, highly optimised point-in-polygon (PIP) methods [18, 19, 61].
Specifically, we benchmark against the Rust geo library implemen-
tation [45], which stores the input polygon in memory and employs
bounding-box skipping to avoid unnecessary point checks. To eval-
uate performance, we perform two sets of experiments, one using
progressively larger rectangular boxes and another using triangles
of increasing size but contained within the same bounding box. In

both cases, the polygons are simple, allowing the baseline PIP tests
to perform efficiently.
Figure 8(a) presents the results for the box experiments. The quadtree-
based approach performs comparably to, and often slightly better
than, the optimised PIP implementation, particularly for larger
boxes containing more points, where the number of required PIP
checks increases substantially. Similar trends are observed for the
triangle experiments in Figure 8(b), where the quadtree method
outperforms the PIP tests again. In particular, we note that the
performance gap widens for larger extraction areas. Both of these
results also confirm that the quadtree algorithm scales linearly with
the area of the extracted region.
It is finally worth noting that standard PIP tests degrade in perfor-
mance as polygon complexity increases, due to the rising cost of ray-
casting operations. In contrast, the quadtree approach stays more
efficient while offering additional functionality, such as nearest-
neighbour searches [1, 48], at minimal additional computational
costs. We therefore conclude that our quadtree-based algorithm
achieves performance on par with leading PIP methods used in
GIS and Earth science data analysis, while providing enhanced ver-
satility for meteorological feature extraction across diverse grid
structures.

4 Discussion
As shown throughout this paper, the new slicing algorithm enables
point searches within arbitrary polygons on fully unstructured
spaces, without assumptions on the spatial arrangement of points.
This represents a major improvement over the original Polytope
algorithm and, in particular, makes it possible to serve datasets that
were previously unsupported. Since many meteorological services
use diverse and non-standard grids, the relaxed constraints of our
approach extend the Polytope service to virtually all dataset types.
However, deploying this algorithm in real-world scenarios, espe-
cially as part of an operational service, requires addressing several
practical considerations, which we now discuss.

4.1 Data Extraction as a Service
To make the described slicing capability accessible in practice, the
algorithmmust be integrated into an operational service that allows
users to extract subsets of data directly from large multidimensional
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(a) Varying homogeneous point density. (b) Varying inhomogeneous point distribution.

Figure 6: Extraction times of a box for varying point clouds.

(a) Varying number of vertices. (b) Varying number of sub-polygon unions.

Figure 7: Extraction times for a disk defined with a varying number of vertices (a) and a varying number of sub-polygon unions
(b).

datasets. Such a service should efficiently handle different grid struc-
tures while maintaining responsiveness for on-demand queries.
Whilst the new slicing algorithm greatly extends applicability to
unstructured grids, it also introduces significant additional compu-
tational costs due to the preprocessing required to construct the
quadtree. In contrast, the original Polytope slicer remains more effi-
cient for structured, iso-latitude grids where such preprocessing is
unnecessary. On top of these few seconds of additional preprocess-
ing, the original Polytope slicer will moreover benefit from knowl-
edge of the data structure during slicing and typically achieves a
quadratic speedup over the fully unstructured version. To maintain

both flexibility and high performance, a complete data extraction
service must therefore integrate both algorithms in a single mecha-
nism by dynamically selecting the most suitable slicer based on the
dataset and its grid type.
Beyond considerations of computational efficiency, using this new
algorithm as part of an operational service introduces additional
memory management challenges. Since the method depends on
precomputed quadtrees, these data structures must be stored persis-
tently for static reuse or regenerated dynamically for each incoming
request. Depending on system architecture, this can be adressed by
caching quadtrees for commonly accessed grids, distributing them
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(a) Increasing square boxes. (b) Skewed triangles contained in same bounding box.

Figure 8: Comparison of extraction times between quadtree approach (Algorithm 1) and optimised point in polygon test for
different shapes, where the solid lines show the time computing the points in the polygon and the dashed lines show the total
slicing time.

across sub-services or applying compression when decompression
costs are acceptable.
Considering these aspects is crucial to ensure that an operational
service can efficiently deliver data to users, minimising computa-
tional overhead while preserving scalability and versatility across
supported grid types.

4.2 Future Work
The service described above works reliably as long as the grid type
and configuration of the dataset on which we want to apply the
algorithm are known in advance. A key direction for future work is
to automate this step through a data discovery mechanism capable
of identifying the underlying grid of any dataset. This could for
example be achieved by introducing a new data structure that stores
metadata about each dataset, including its grid specification, as well
as other relevant spatial characteristics. Such an approach would
enable a fully dynamic service that automatically selects the appro-
priate slicer without requiring prior user input. Beyond improving
user-friendliness, this would more importantly enable streamlined
and interactive access to data, paving the way for integration of the
service within a digital twin ecosystem. As the ultimate objective
is to power digital twins by providing users with seamless, auto-
mated, and transparent access to datasets, this system would be a
first step towards this goal by allowing them to interact with the
data efficiently and intuitively.
Beyond system-level considerations, an important direction for fu-
ture work is to further optimise the algorithm in order to improve
performance and scalability to very large datasets. This includes
parallelisation, by running point-in-polygon tests at the quadtree
leaf nodes concurrently for example. Recent work has also shown
that quadtree construction and traversal can be parallelised [10],

and exploring how such methods could be integrated into our al-
gorithm may result in significant performance improvements. In
addition, GPU-optimised quadtree traversal [7] represents another
promising research avenue. Besides parallelisation, further optimi-
sations could involve exposing the quadtree compression level as a
user-controlled parameter and studying how optimal compression
varies with grid types and resolutions. Finally, while the algorithm
was designed to operate on fully unstructured grids, many real-
world datasets exhibit at least partial structure. Future work could
therefore investigate how this structure, such as that present in
Lambert or other projected grids, can be exploited to further opti-
mise performance by using, for example, more specialised quadtree
variants or alternative spatial data structures in our algorithm.
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7 Beyond Standard Datacubes

We have now established a robust framework for feature extraction on top of stan-
dard, well-defined datacubes. This framework supports a wide range of use cases
and provides significant improvements over traditional data services, which typi-
cally require reading and transferring large volumes of data to satisfy user requests.
In contrast, the feature extraction approach developed here minimises unnecessary
data access and transfer.
This framework performs well for standard datacubes in which datasets are rela-
tively homogeneous. In practice, however, scientific datasets often differ from one
another in non-trivial ways. As we move through scientific data spaces, datasets
may exhibit specific relational constraints that influence how they are organised and
accessed. In particular, a data space may display branching behaviour or impose
different constraints depending on the chosen perspective. These characteristics
highlight the limitations of the traditional datacube abstraction.
In the following paper [73], we address these limitations by introducing a more
general data representation, which we refer to as data hypercubes. This abstrac-
tion models data spaces as maximally compressed tree-based structures with dense
datacubes at the leaves, enabling efficient representation of complex data without
resorting to an overly broad superset of the available data. We motivate the ab-
straction, define its core concepts, express standard datacube operations within this
framework and evaluate one of its concrete implementations through the Qubed
software. Finally, we integrate the Qubed data hypercube model into the Polytope
data extraction service to enable feature extraction over arbitrary complex NWP
data spaces and investigate the resulting unified extraction system.

This work is currently in preparation for submission to a peer-reviewed journal and
the open-source implementation of the work described here is available on GitHub
as part of the Polytope repository [75]. I am the primary author of this publication.
The specific contributions of myself and my co-authors are outlined below according
to the Contributor Roles Taxonomy (CRediT):

M Leuridan: Conceptualisation, Software, Formal analysis, Visualisation, Writing-
original draft; J. Hawkes : Conceptualisation, Writing-review & editing; M. Schultz :
Writing-review & editing; T. Quintino: Conceptualisation, Writing-review & edit-
ing.
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Abstract

Earth science datasets are growing rapidly in both volume and structural complexity.
They increasingly contain richly labelled data with heterogeneous metadata and complex
internal constraints that impose dependencies between variables and dimensions. Dat-
acubes have become a common abstraction for organising such datasets, but traditional
dense and orthogonal datacube models struggle to represent irregular, sparse or branching
data spaces efficiently. In particular, gaps in coverage, conditional dimensions and hetero-
geneous variable definitions are poorly captured by existing approaches. In this paper, we
introduce a generalised data hypercube representation based on compressed tree structures,
which enables an accurate and compact description of complex data spaces. We describe
the design of this representation and analyse its ability to capture sparsity and conditional
relationships while remaining efficient to traverse. Using a concrete implementation, we
study the performance characteristics of compressed tree data hypercubes and demonstrate
their effectiveness as fast, cache-like indices over large backend data stores. Building on
this representation, we present an integrated feature extraction system that operates di-
rectly on tree-based data hypercubes within the Polytope framework. By embedding data
access strategies into the data hypercube abstraction itself, the system enables precise,
sub-field data extraction and supports flexible, user-driven access patterns. We evaluate
the performance of the integrated system and show how it enables new ways of interacting
with complex datasets that are difficult to support using traditional access models. This
work bridges the gap between expressive data hypercube models and efficient data access
methods. In particular, it provides a unified framework that combines tree-based data rep-
resentations with feature extraction capabilities. The proposed approach therefore offers a
foundation for scalable and user-centric access to large heterogeneous Earth science datasets
and highlights directions for future development and deployment.

1 Introduction

Advances in the fields of earth observation, climate modelling and numerical weather prediction
have led to unprecedented volumes of geospatial and meteorological data [12, 39, 18]. Mod-
ern satellites generate a continuous stream of observations across hundreds of spectral channels
and instruments, while weather and climate models produce increasingly detailed forecasts with
multiple ensemble members, parameterisations and output frequencies. Foundational standard-
isation efforts, such as the netCDF data model [41] that is implemented with the Climate and
Forecast (CF) [8] and Climate Model Output Rewriter (CMOR) [35] metadata conventions, have
enabled efficient representation and exchange of datasets structured primarily along the familiar
latitude, longitude, vertical level and time dimensions. However, modern datasets increasingly
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extend beyond this standard model, introducing additional axes such as height levels, instru-
ment modes or forecast lead times, and thereby creating richly structured yet highly complex
data spaces.
Whilst this abundance of data offers scientific opportunities, it also creates significant practical
challenges [47, 19]. Indeed, high-dimensional datasets can be difficult to visualise, reason about
and manipulate. Analytical operations that are trivial in low-dimensional settings, such as slic-
ing out subsets, combining variables or mapping between coordinate systems, quickly become
cumbersome when the data spans irregular grids, contains conditional dependencies or has gaps
arising from instrument geometry or quality control. Beyond representation alone, these dif-
ficulties directly impact the ability to filter, query and extract meaningful subsets or features
from the data, which are essential steps in most scientific workflows. As a consequence, there is
a growing need for computational frameworks that can represent such datasets uniformly, while
simultaneously enabling efficient and intuitive data access.
One key response to this need has been the development of the datacube abstraction. First
originating from the business analytics community, the datacube concept provided a way to
model multidimensional tabular data and to support operations such as slicing and pivoting
[17, 20, 36]. Over the last decade, this idea has been reinterpreted and expanded within the
earth sciences community to accommodate raster and observational datasets [25, 31, 16, 15].
Efforts such as RasDaMan [4, 3] and ESA’s Deep Earth System Data Laboratory (DeepESDL)
[2, 6] have in particular demonstrated how datacubes can unify heterogeneous datasets and sim-
plify access to complex archives. However, most implementations primarily focus on organising
and exposing the structure and metadata of homogeneous multidimensional data, while higher-
level data filtering and feature extraction are often treated as downstream, ad-hoc processes.
In the open-source scientific ecosystem, the xarray library [22] has further popularised the dat-
acube concept by providing a labeled tensor representation for multidimensional arrays. In
meteorology, climate research and remote sensing, xarray has become central to data analysis
workflows because it facilitates essential operations on complex datasets. The tensor model
underpinning xarray carries a few implicit assumptions however. Amongst them, it assumes
that data lies on orthogonal, regularly spaced coordinate axes and forms dense arrays without
structural gaps. These assumptions are increasingly strained by modern datasets, which may be
sparse, irregular or defined only for particular combinations of dimensions, such as when vari-
ables depend on specific instruments or ensemble configurations. In such cases, even standard
filtering or extraction tasks may require substantial preprocessing or specific logic outside of the
datacube abstraction itself.
A potential solution to this is to split data into multiple lower-dimensional datacubes. Deep-
ESDL, for example, stores each geophysical parameter as its own 3- or 4-dimensional cube.
However, whilst this is a practical representation, this fragmentation hides relationships between
parameters and prevents a unified view of the dataset as a whole. More importantly, it compli-
cates the implementation of generic data extraction workflows that must operate consistently
across parameters, dimensions and conditional dependencies. Recognising these limitations, xar-
ray recently introduced DataTrees [49, 37], a hierarchical extension designed to express related
datacubes in a tree-like structure. DataTrees offer greater flexibility by allowing branching and
grouping, but they still impose structural uniformity. Indeed, branches must share similar di-
mensional assumptions, coordinate ordering and overall data hierarchy, which limits their ability
to support generic filtering and feature extraction across highly irregular data spaces.
In this paper, we consider a more general representation of high-dimensional data spaces based
on a flexible hierarchical tree structure, designed to capture the coordinate structure of complex,
heterogeneous and irregular datasets beyond the constraints of existing datacube frameworks.
By encoding dimensional dependencies and structural rules directly in the tree, this approach
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relaxes assumptions of regularity, completeness and uniformity, while supporting efficient oper-
ations such as querying, merging, filtering and traversal even for sparse or non-orthogonal data
spaces. Crucially, this representation is intended not only to describe the data, but also to serve
as a foundation for end-to-end data extraction workflows.
We then briefly describe the Qube [10] as a concrete realisation of this compressed tree-like
datacube representation, and investigate its performance and potential use in practical applica-
tions. In particular, we present a prototype integration of the Qube within the Polytope feature
extraction framework [29, 28], illustrating how feature extraction can be implemented directly
on top of generic datacube representations. This enables a complete workflow in which data
representation, filtering and feature extraction are tightly integrated, without imposing restric-
tive assumptions on the structure of the underlying data. Finally, we discuss this integrated
framework, highlighting the benefits of a more general approach to datacubes and its potential
applicability across a wide range of data extraction and analysis systems.

2 Motivation and Background

In recent years, considerable work has focused on formalising the concept of datacubes and mul-
tidimensional data spaces to better accommodate the growing complexity of geospatial datasets.
In this section, we motivate the need for such abstractions and review current implementations,
considering both how multidimensional data are represented and how they are accessed and
used in practice. We discuss why high-dimensional scientific datasets require more systematic
representations and examine prior frameworks that have shaped current approaches, drawing
throughout on examples from meteorological and climate data. In particular, we highlight how
characteristics such as multi-instrument observations, ensemble forecasts, heterogeneous grids
and conditional data availability stress traditional datacube assumptions. We also review the
data access strategies used in existing frameworks, including querying, subsetting and filtering
mechanisms, and examine how these choices affect usability and performance for weather and
climate applications. Together, these considerations motivate the need for more flexible and
unified datacube structures that support both expressive representations, as well as efficient
data access.

2.1 Datacube Abstraction and Data Representations
The datacube concept was first introduced in the field of business analytics as a way to organise
and efficiently query multidimensional tabular databases [20]. Earlier datacube models sup-
ported operations such as aggregation, slicing and pivoting across different axes like product,
region and time, providing a unified abstraction for structured multidimensional data [17]. As
data-intensive scientific disciplines expanded, this abstraction proved broadly applicable beyond
its original domain. Many fields, including biomedical imaging, genomics, environmental moni-
toring, social sciences and large-scale sensor networks, routinely generate datasets that can be
described along multiple coordinate dimensions [26, 24, 51]. Over time, the datacube has there-
fore evolved into a widely adopted conceptual model for managing complex, high-dimensional
datasets in a structured and interpretable form.
This evolution is reflected in scientific software frameworks such as xarray [22] and storage for-
mats such as Zarr [50], which represent datasets as labeled tensors or multidimensional arrays
with named coordinates. These tensor-based models have become foundational in many data-
driven workflows because they support intuitive indexing, efficient numerical computation and
integration with high-performance computing and machine learning ecosystems [11, 45, 27]. For
datasets that are dense, uniform and defined on orthogonal coordinate axes, such as regularly
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gridded simulations, standardised imaging data or homogeneous observational records, these
representations provide both conceptual clarity and practical efficiency.
However, many real-world datasets deviate substantially from these assumptions. Across do-
mains, data may be sparse, heterogeneous or defined only for particular combinations of vari-
ables. In medicine, patient records often contain missing values, condition-specific measurements
or varying record lengths. Genomic datasets exhibit irregular coverage and alignment. Sensor
network data may be intermittent or constrained by device-specific configurations. Meteorolog-
ical and Earth system datasets, in particular, exhibit many of these challenges simultaneously.
Climate simulations typically produce a single long time series, while weather forecasts intro-
duce both an initialisation time and a forecast lead time, resulting in multiple temporal axes.
Earth observation products add further dimensions related to instrument mode, orbit geometry
or viewing configuration. As a result, no single dense, orthogonal tensor can faithfully represent
the combined data space.
Within meteorological and climate datasets, further structural variability arises. Different vari-
ables may be available at different forecast lead times, vertical coordinates may be defined on
model levels, pressure levels or only at the surface, and observational data may exist only un-
der specific quality constraints or sensor configurations. This leads to branching data spaces
in which dimensionality, coordinate definitions and data availability vary across subsets of the
dataset. Although many subspaces share common structural patterns, the overall data space
becomes irregular and sparse, with conditional dependencies that are difficult to express in tra-
ditional tensor models.
To address some of these limitations, xarray introduced DataTrees [49, 37], a hierarchical ab-
straction in which related datacubes are organised into a tree structure. This allows groups
of datasets to share common dimensions while permitting branching to represent subsets with
different structures. Tree-based datacube models represent an important step toward capturing
relational and conditionally defined data spaces, and they are particularly relevant for organising
complex Earth system datasets composed of multiple related products.
Nevertheless, existing hierarchical datacube models still impose significant structural constraints.
They typically assume fixed axis orderings, homogeneous dimensionality across sibling branches
and a rigid notion of what constitutes a valid subspace. They struggle to represent datasets in
which dimensionality itself varies across the domain, where different branches require different
coordinate sets, or where successive constraints dynamically change the relevant dimensions. In
such cases, the structure of the data cannot be expressed naturally without fragmentation or
duplication. These limitations motivate the need for more general and flexible representations
that can encode heterogeneous, sparse and structurally variable data spaces while preserving
shared structure and enabling efficient navigation.

2.2 Datacube Access and Data Extraction
Beyond pure representation, an equally critical aspect of working with multidimensional datasets
is how data is accessed and extracted from the underlying data stores. In practice, users rarely
require entire datacubes. Instead, they seek specific subsets corresponding to regions of interest,
time windows, vertical levels, ensemble members or combinations of conditional constraints.
Effective datacube frameworks must therefore support data access strategies that allow users to
retrieve only the information relevant to their scientific question, both efficiently and intuitively.
Traditional datacube frameworks support access through operations such as slicing, indexing and
aggregation along coordinate axes [17, 46]. In tensor-based models, these operations are often
tightly coupled to array indexing and chunking strategies [38, 32], which work well for regular,
dense datasets. However, as data spaces become more irregular and conditionally structured,
these access patterns become increasingly difficult to generalise. Querying sparse or branching
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data often requires custom logic, preprocessing or manual traversal of multiple datacubes, re-
ducing usability and increasing the computational cost of data access.
In response to these challenges, the concept of feature extraction has gained increasing promi-
nence in meteorology and climate science as a higher-level data access strategy. Rather than
exposing raw multidimensional arrays, feature extraction frameworks allow users to specify the
subsets of data they are interested in, such as trajectories, cross-sections, vertical profiles or
spatial regions, directly in terms of scientific features. This shift is reflected in the development
of interfaces such as the OGC Environmental Data Retrieval (EDR) standard [5], which enables
users to request specific features from complex geospatial datasets through a unified API.
At the institutional level, similar ideas have emerged in systems such as the Polytope feature
extraction framework at ECMWF [29, 28], which allows users to describe complex extraction re-
quests over high-dimensional weather and climate datasets. Related approaches are also present
in data services built on platforms such as RasDaMan [4, 3] or the Sentinel Hub [34], where users
can request spatial or temporal subsets through higher-level clipping and subsetting operations.
These developments reflect the shift towards feature extraction as an essential way of interacting
with modern datacubes and data systems.
However, many existing datacube implementations treat feature extraction as a post-processing
step applied after data have already been retrieved from backend storage. In such systems,
large volumes of data are first accessed and transferred before being clipped or post-processed
to produce the final user output. Whilst this approach is often sufficient for smaller datasets,
it becomes increasingly inefficient for weather and climate data, where backend archives can
span petabytes and user requests typically target only a few megabytes of information. In such
applications, the cost of accessing unnecessary data dominates the workflow, limiting scalability
and performance.
This gap between datacube abstractions and efficient data access strategies points to the need
for new datacube frameworks. In such frameworks, feature extraction should be treated as a key
datacube operation and tightly integrated with the underlying data model. Access strategies
should be able to exploit knowledge of the data structure itself, allowing selective traversal and
retrieval of only the relevant subspaces. Bridging representation and feature-based data access
in this way is essential for enabling scalable and user-friendly workflows in meteorology, climate
science and other data-intensive disciplines.

3 A Datacube Generalisation

Traditional datacube models assume that data occupy a dense, orthogonal and fully defined
multidimensional space. As shown in the previous sections, these assumptions increasingly
break down for modern scientific datasets, particularly in meteorology and climate science, where
data availability depends on conditional constraints, dimensionality varies across subsets and
large portions of the space may be sparse or undefined. Representing such datasets as complete
datacubes either leads to fragmentation into multiple disconnected cubes or to inefficient padding
with missing values.
To address these limitations, we introduce a generalisation of the datacube concept that relaxes
global assumptions of completeness and orthogonality. Instead of viewing a datacube as a single
multidimensional array, we represent the data space as a compressed hierarchical structure
that explicitly encodes branching and conditional relationships. This representation, which
we refer to as a data hypercube, preserves shared structure where possible, while allowing
divergence where required. It therefore provides a natural foundation for efficient querying
and feature-oriented data access. In the remainder of this section, we describe this generalised
datacube representation, formalise its structure and discuss the advantages it offers in terms of
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expressiveness, performance and reuse across meteorological data systems.

3.1 Data Hypercubes
The generalised data hypercube represents multidimensional data spaces as compressed tree
structures instead of dense datacubes. Each level of the tree corresponds to a dimension and
branching represents conditional structure due to data constraints. Paths from the root to a
leaf define valid combinations of coordinates for which data exists.
In practice, many geophysical datasets are characterised by constraints between dimensions,
meaning that not all combinations of coordinates are meaningful or populated. For example,
consider a meteorological dataset containing a set of atmospheric variables. Some variables,
such as 2-metre temperature or surface pressure, are defined only at the surface, while others,
such as temperature, wind or humidity, are defined on multiple pressure levels. The vertical
dimension is therefore conditional on the variable, and treating all variables as sharing the
same set of vertical coordinates would either require introducing artificial levels for surface-
only variables or separating the dataset into multiple independent datacubes, thereby obscuring
relationships between variables. Instead, the generalised data hypercube tree formulation allows
dense, orthogonal sub-datacubes to be represented efficiently, while also accommodating sparse,
heterogeneous and irregular data spaces.
Formally, a data hypercube can be defined as a rooted, directed tree

T = (V,E),

where each node v ∈ V is associated with a dimension d(v) and a subset of admissible coordinate
values Cv ⊆ Cd(v). An edge (vi, vj) ∈ E represents refinement by an additional constraint on a
subsequent dimension. Each root-to-leaf path therefore defines a valid subspace of the overall
domain, and leaf nodes can then be associated with payloads such as data arrays, storage refer-
ences or various metadata. In this context, fully dense datacubes correspond to flat trees where
each dimension level exhaustively enumerates its coordinate domain.
In the generalised representation, the structural variability in the example above is expressed
through branching in the hypercube tree. Higher levels of the tree may encode shared dimen-
sions such as forecast lead time, while a subsequent branching distinguishes between surface
variables and pressure-level variables. One branch terminates at the surface, while the other
introduces an additional vertical dimension corresponding to pressure levels. Each leaf node
therefore represents an internally consistent subspace with a well-defined dimensional structure.
Shared dimensions are represented once, and divergence is introduced only where the data struc-
ture genuinely differs.
Unlike classical datacubes, this representation is not invariant under permutation of dimensions.
The order in which dimensions appear along the tree defines both the logical structure of the
data space, as well as the optimal traversal order used for querying. Dimensions higher up in the
tree act as early filters, which allows for pruning of entire subspaces when they are irrelevant to
a given request. Selecting an appropriate dimension ordering therefore becomes an important
design choice that can optimally be aligned with common access patterns. In meteorological
and climate workflows, this may be implemented by placing higher-level distinctions, such as
different satellite instruments or meteorological model types, towards the top of the tree, so that
branches corresponding to incompatible acquisition systems or modelling frameworks can be ex-
cluded early in the traversal. Once the data space has been partitioned along these distinctions,
the remaining dimensions within each resulting sub-hypercube are typically more homogeneous,
allowing for more efficient querying and internal organisation within each branch.
This data hypercube representation provides a compact and expressive way to model complex
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meteorological data spaces. By explicitly encoding structural dependencies, it enables both ef-
ficient traversal as well as robust filtering, forming the basis for more advanced data extraction
and analysis pipelines.
Tree-based datacube representations of this form have already been adopted in different op-
erational contexts at ECMWF. They underpin the internal representation of data availability
in the MARS archive [40] and are also used as the backend of the Destination Earth STAC
catalogue [1] through the Qubed software [10]. In these systems, data hypercubes have demon-
strated their ability to efficiently encode large, heterogeneous meteorological data stores while
supporting scalable data discovery and access.

3.2 Data Hypercube Operations
The data hypercube representations introduced previously are built on compressed tree struc-
tures that support a well-defined set of operations. These operations are essential both for
constructing data hypercubes efficiently and for maintaining their optimality as the underlying
data evolve over time. In practice, data hypercube trees must be built incrementally, recomputed
as new data become available, and traversed efficiently in response to diverse user queries. A key
part of this are the operations on the tree structure itself. Basic operations include traversal,
filtering and slicing along dimensions, which enable selective exploration of the data space.
From a construction perspective, consider a data hypercube defined over a set of dimensions
D = {d1, . . . , dk}, where each dimension di has cardinality ni. In practice, the resulting tree
representation is not necessarily uniform. Indeed, due to sparsity or missing coordinate combi-
nations, different branches of the tree may terminate at different tree depths. Let kmax denote
the maximum depth of any root-to-leaf path in the tree. A naïve construction procedure inserts
each available data tuple independently by creating a path through the tree corresponding to
its coordinates. If the underlying dataset contains N such tuples, which implies that N is the
number of leaf nodes, then each insertion requires at most traversing or creating a path of length
kmax. The total construction cost is therefore bounded by

T naive
construct = O(kmaxN).

Similarly, extraction or traversal operations in this representation may require visiting a large
fraction of the N leaf nodes, and set operations such as unions or intersections between two
data hypercubes with N1 and N2 leaves require

T naive
∪ , T naive

∩ = O(N1 +N2).

More advanced set operations, such as unions and intersections of trees, are required to combine
multiple datasets, reconcile overlapping data spaces or restrict a representation to shared subsets
of dimensions and coordinates. These operations make it possible to construct complex data
spaces successively from simpler ones. Union operations play a central role when integrating
heterogeneous datasets or aggregating data over time, for example when successive forecast cy-
cles or observational products are added to an existing data store. In such cases, multiple data
hypercube trees must be merged into a single representation that preserves shared structure
while introducing branching only where the data differs. In contrast, intersection operations
serve the purpose of restricting a data hypercube to a common subspace, such as when identi-
fying overlapping availability between datasets or applying constraints derived from user queries.
To ensure efficiency, these set operations must be accompanied by compression and re-optimisation
of the tree structure. After unions or intersections, the resulting tree might contain redundant
branches or uncompressed duplicated subtrees that degrade traversal performance. Let com-
pression collapse structurally identical subtrees so that a tree with N nodes is reduced to a
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representation with only
M ≪ N

distinct structural nodes.
The compression operation itself consists of identifying structurally identical subtrees and re-
placing them with a shared representation. This requires comparing branches of the tree that
span the same coordinate subspaces in order to detect similarities between sub-hypercubes.
In the worst case, this comparison must be performed across all nodes of the uncompressed
representation, so that the compression step is linear in the number of nodes,

Tcompress = O(N).

In practice, however, compression is normally performed bottom-up, beginning at the leaves of
the tree and propagating upwards. Since identical subtrees are more likely to occur towards the
leaves of the tree, performing compression in this way reduces the number of distinct interme-
diate nodes that need to be compared higher up in the tree. As a result, tree hierarchies that
maximise redundancy in deeper layers not only decrease the final number of structural nodes
M , but also reduce the effective cost of the compression procedure itself.
After compression, subsequent construction and transformation operations can then be per-
formed in terms of these unique sub-hypercubes rather than the full Cartesian space, yielding

T compressed
construct = O(kmaxM), T compressed

∪ , T compressed
∩ = O(M1 +M2).

Hence unions or intersections between compressed data hypercubes no longer require traversing
all N nodes, but only the M distinct structural nodes, resulting in a reduction in computational
cost by a factor proportional to (N1 +N2)/(M1 +M2) ≫ 1.
Compression is therefore an essential operation as it collapses identical subtrees and factors
out shared tree structure, restoring an efficient data hypercube compressed tree object after
union, intersection or any other transformation. As a result, compression is an integral part of
the data hypercube construction process. It ensures that the resulting representation remains
compact and well aligned with typical access patterns. It also highlights that the achievable
efficiency depends directly on how the dimensions are arranged in the tree hierarchy as dimension
orderings that maximise shared sub-hypercubes minimise M , whereas early branching along
highly variable dimensions increases M and degrades the performance of construction, extraction
and set operations.

3.3 Data Hypercube Performance
The performance of data hypercube representations is a central concern in any practical data
workflow. Operations such as construction, compression, union and intersection are fundamental
steps in building, updating and maintaining coherent representations of complex data spaces.
As these operations are repeatedly applied throughout the lifetime of a data hypercube, their
computational characteristics directly influence the scalability and performance of downstream
applications and data access. Understanding how efficiently these operations can be performed is
therefore essential for assessing the practical use of such generalised data hypercube frameworks.
Performance considerations are especially important in operational and time-critical settings,
where data spaces evolve continuously and up-to-date representations must be generated and
traversed with minimal latency. In such contexts, inefficiencies in hypercube construction or
traversal can quickly start to dominate the overall system cost, limiting the ability to serve
timely and consistent data products.
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3.3.1 Data Workflows

In the following, we study performance using Qubes [10] as a concrete implementation of com-
pressed tree-based data hypercube representations. While the analysis focuses on Qubes, the
results are representative of a broader class of generalised data hypercube frameworks that en-
code structure, sparsity and conditional relationships using hierarchical, compressed trees.
Within the workflows considered here, Qubes act primarily as fast indices and caches over large
underlying data stores. Their effectiveness therefore depends not only on their expressive power,
but also on how efficiently they can be constructed, maintained and reused as the underlying
data change. Understanding the performance behaviour of core Qube operations is thus central
to evaluating their suitability for operational use.
We analyse the performance of Qubes by considering their lifecycle within a typical data work-
flow. We first examine the cost of Qube construction, which represents the entry point to the
data structure. We then study compression, focusing on its computational characteristics and
its role in maintaining efficiency at scale. Compression introduces an inherent trade-off as,
although it increases the cost of construction, it significantly reduces the cost of subsequent
traversal, querying and set operations, which tend to dominate typical usage patterns. The
analysis then extends to more complex manipulations, such as unions and other set operations,
which are required when combining or incrementally updating data spaces. Finally, we illustrate
these aspects through concrete timing results for the construction and manipulation of large-
scale Earth system data hypercubes in weather forecasting and climate science, in the context
of the Destination Earth initiative [48].

3.3.2 Qube Construction

The construction time of Qubes depends primarily on the tree size and on where branching occurs
in the tree. In Figure 1(a), we first study the impact of the number of leaves by constructing a
flat tree that branches only at the leaves and varying their count. As expected, the construction
time increases linearly with the number of leaves, since this setup requires building a linearly
growing number of nodes, which is the dominant cost.
In Figure 1(b), we next examine how the branching level affects construction time by comparing
trees that branch at different depths. Branching closer to the root leads to higher construction
times, while branching near the leaves is faster. This linear decrease in time is expected, because
earlier branching produces more nodes overall.
Finally, Figure 1(c) combines both effects by varying the number of nodes at each depth while
maintaining a balanced tree. The construction time again grows linearly with the total number
of nodes. However, because the number of nodes increases exponentially with the branching
factor per level, even small increases in branching lead to large construction costs. Importantly,
this cost is largely avoided for dense Qubes, where native compression reduces the effective
number of leaves from n to 1, substantially mitigating the overhead of highly branched trees.

3.3.3 Compression

Compression is a core feature of Qubes, as it enables a highly efficient representation of the
data. We therefore evaluate the cost of compressing an initially uncompressed Qube. The
experimental setup is identical to the previous section, but here we measure compression time
rather than construction time.
The observed trends closely mirror those for construction. In Figure 2(a), the compression
cost increases linearly with the number of leaf nodes, reflecting the need to process a linearly
growing number of branches. In Figure 2(b), we further observe that branching higher in the

9

88



(a) Increasing number of leaf nodes for a flat Qube. (b) Branching at different Qube depths.

(c) Increasing number of leaves for a wide Qube.

Figure 1: Time to construct different types of Qubes. The dashed lines represent the corre-
sponding expected linear behaviour of these timings.

tree is less efficient for compression, since detecting and merging equivalent subtrees requires
deeper recursion. Nevertheless, this cost still scales linearly and as branching moves toward the
leaves, fewer nested comparisons are required, making the compression progressively cheaper.
Figure 2(c) combines these effects and again shows a linear relationship between compression
time and the total number of leaves in the Qube. This behavior arises from the linear traversal
of nested branches and the sequential merging of equivalent subtrees. Importantly, compression
is significantly faster on already dense or partially compressed Qubes, as fewer branches need
to be compared and merged.
In practice, compression is performed only once. After obtaining a maximally compressed
Qube, subsequent operations benefit from this optimal representation and execute much more
efficiently. Moreover, the absolute compression cost remains modest and is typically even lower
in real-world settings, where Qubes tend to become denser toward the leaves, precisely where
compression is most efficient as seen in Figure 2(b).

3.3.4 Set Operations

Once Qubes are constructed, the primary operations of interest are set operations. Since these
operations exhibit similar performance characteristics, we focus on the union operation as a
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(a) Increasing number of leaf nodes for a flat Qube. (b) Branching at different Qube depths.

(c) Increasing number of leaves for a wide Qube
with high branching factor.

Figure 2: Time to compress different types of Qubes. The dashed lines represent the corre-
sponding expected linear behaviour of these timings.

representative case. In Figure 3(a), we first compare the cost of unioning fully expanded trees
with that of highly compressed Qubes. The results show that union time increases linearly with
the number of nodes per tree depth, confirming the theoretical bound that set operations scale
linearly with the total number of nodes in the input Qubes.
In Figure 3(b), we then study how performance scales when progressively unioning multiple
Qubes of fixed size. The total cost again grows linearly, as each union is applied sequentially
to the result of the previous one. This pattern is common in practice, particularly when con-
structing complex Qubes from several dense sub-Qubes. While the linear scaling is expected,
it also suggests potential optimisations. Indeed, unioning more similar Qubes first or adopting
alternative merge strategies that batch operations, could reduce the overall cost in more complex
workflows.

3.3.5 Practical Considerations

In practice, constructing Qubes for real-world datasets requires combining several of the oper-
ations discussed above, including incremental construction, compression and merging. Overall
performance therefore depends not only on the size of the data, but also on its structural prop-
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(a) Union of two Qubes with an increasing number
of total nodes in each.

(b) Union of a growing number of medium-sized
Qubes.

Figure 3: Time to union Qubes together. The dashed lines represent the corresponding expected
linear behaviour of these timings.

erties and on the order in which operations are applied. While naive construction and merge
operations typically scale linearly with the number of entries, this quickly becomes impractical
for datasets containing millions of elements, making more informed construction strategies es-
sential.
A key optimisation strategy is to exploit structural similarity between sub-hypercubes as early
as possible in the construction process. By compressing smaller Qubes before merging them
into larger structures, identical or near-identical subtrees can be collapsed early. This not only
reduces memory usage, but also lowers the cost of subsequent operations. Early compression
also limits the growth of intermediate representations and avoids repeated work on redundant
structures.
Another effective approach is to batch merge operations together so that smaller and cheaper
Qubes are combined first. This delays more expensive unions on large trees until sufficient struc-
ture has already been found and compressed in intermediate results. Similarly, compression and
merging can be applied to lower levels of the Qube before the resulting branches are attached to
higher-level tree nodes. By only performing expensive union operations when the data structure
starts to diverge, we ensure that these transformations are applied to shallower subsets of the
tree, which improves the overall efficiency.
These strategies are already used in practice within the Destination Earth digital twins, where
Qubes act as fast, cache-like indexes of available data to support interactive catalogue explo-
ration. To construct these indexes, we scan the flat metadata index exposed by ECMWF’s FDB
data store [43, 44] and apply a combination of incremental construction, compression and merg-
ing to build a Qube that captures the structure of the available data. For the Climate digital
twin [21, 7], which contains approximately 8.6 million data entries, Qube construction takes on
the order of one day. In contrast, the smaller Extremes digital twin [13] can be regenerated
daily in roughly one hour.
Despite these optimisations, Qube construction remains computationally expensive and should
be viewed as a costly indexing step rather than a lightweight operation. Once built, however,
Qubes provide a compact representation of the data structure and enable very fast selection and
traversal operations. This makes them highly effective as query interfaces compared to direct
access to the underlying data store. Overall, Qubes are best understood as slow-moving but
fast index caches. They are expensive to generate, yet highly efficient to use and reuse within
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interactive and operational workflows.

4 An Integrated Data Extraction System

The tree-based data hypercube paradigm introduced in the previous section provides a compact
and expressive representation of complex, sparse and irregular data spaces. We have discussed
how structural constraints and conditional data availability can be encoded directly in this data
representation itself, and have shown, using Qubes as a concrete instantiation of this paradigm,
how this representation can be efficiently constructed and reused.
In this section, we build on these foundations and present a complete feature extraction system
that integrates structure-aware data hypercube representations directly into an operational data
access pipeline. Rather than treating data hypercubes as passive data containers, the system
incorporates data structure, indexing and access strategies into a single coherent workflow. This
allows feature extraction algorithms to reason about data availability and layout directly from
the data hypercube representation, without relying on static, externally maintained rules about
the data.
This section is organised as follows. We first describe the overall system architecture and the
interaction between the Polytope [30], Qubed [10] and GribJump [9] software, highlighting how
structure-aware data hypercube representations are incorporated into the extraction workflow.
We then analyse the performance characteristics of the system, with particular emphasis on I/O
efficiency and how tree-based representations influence access patterns. Finally, we discuss the
implications of this approach for user interaction, showing how it enables new, more expressive
access patterns and allows users to request precisely defined scientific features from complex
datasets without detailed knowledge of data layout or storage constraints.

4.1 System Architecture
The integrated feature extraction system is organised around a generic, tree-based data hy-
percube representation that provides a uniform and faithful view of the available data. All
interactions between user requests and the underlying data stores are mediated through this
data hypercube tree, which encodes the actual structure of the data space rather than an ide-
alised dense abstraction. In our implementation, this representation is realised using Qubes.
Sparsity, structural constraints and branching are encoded explicitly, allowing the system to
reason directly about which combinations of coordinates exist without relying on external con-
figuration rules.
The resulting system combines three tightly integrated components, Polytope, which provides
the geometric and algorithmic core for feature extraction, Qubed, which maintains a compact,
tree-based index of the available data, and GribJump, which enables fine-grained, byte-level
access to the underlying storage backends. Together, these components transform feature ex-
traction from a field- or chunk-oriented operation into a structured traversal and filtering process
over a precise representation of the data space.
Qubes are constructed and maintained by the Qubed software [10]. Qubed builds this rep-
resentation by scanning the flat metadata index exposed by the FDB data store [43, 44] and
organising the available keys into a compressed tree structure. Each node in the tree corresponds
to a pair of dimension and associated coordinates, and branches represent conditional structure
within the dataset, such as dimensions that are only present for specific models, resolutions or
forecast steps. Because dataset structure typically evolves slowly, the resulting Qube can be
constructed as part of a pre-computation phase and cached for reuse across many extraction
requests.
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Feature extraction is performed by Polytope [29], which operates directly on this Qube repre-
sentation. User requests, expressed in terms of scientific features such as points, trajectories,
regions or timeseries, are translated by Polytope into a set of constraints over the abstract data
space. Rather than constructing a dense, orthogonal view of the data hypercube by taking
Cartesian products of coordinate values, Polytope traverses the Qube tree and incrementally
filters it by pruning branches that are incompatible with the request. This process both ensures
that the system accesses only valid combinations of coordinates in the dataset, but also that all
structural constraints encoded in the data are respected throughout the extraction workflow.
The filtering operation produces a reduced Qube, which shows the exact data subsets to extract
from the backend stores for a given user request. For each leaf in this resulting tree, Poly-
tope then computes the corresponding data store indices. These are forwarded to GribJump [9],
which implements the backend data access layer by providing byte-level access to data contained
inside of FDB data stores. Instead of loading complete GRIB fields, or layers of the atmosphere,
it retrieves only the byte ranges required to satisfy the request. This both reduces system I/O
and eliminates the need for post-extraction clipping. The access model remains fully compatible
with existing storage backends and file formats, as it operates directly on the underlying data
representations without requiring new storage layouts.
A key architectural principle of the system is the explicit decoupling of logical data organi-
sation from physical storage. The Qube representation captures logical structure, availability
and constraints, while GribJump handles physical access to stored data. Polytope acts as the
coordinating layer that translates between these two domains, ensuring that extraction logic is
driven by data structure rather than by assumptions about the underlying storage layout.
Compared to existing multidimensional data frameworks such as xarray [22], Zarr [50] or Ras-
DaMan [4, 3], which typically rely on dense arrays, predefined chunking strategies or rigid data
models, this architecture generalises the notion of a datacube to encompass sparse, heterogeneous
and conditionally defined data spaces. By combining tree-based data hypercubes, geometric fil-
tering algorithms as well as byte-level data access into a single framework, the system provides
a flexible foundation for efficient feature extraction across a wide range of meteorological and
climate datasets.
The complete extraction workflow is illustrated in Figure 4, where a Qube index is first con-
structed once from the FDB metadata and cached. User-defined extraction requests are then
processed by Polytope through structured traversal and filtering of this index. Finally, the re-
sulting set of valid data indices is then passed to GribJump, which retrieves only the required
bytes from the data store to assemble the final extracted feature.

4.2 System Performance
Many of the performance evaluations of the Polytope–GribJump system presented in earlier
work [28] continue to apply to the new extraction pipeline. An important difference, however,
is that the expensive pre-computation phase previously required to construct a datacube rep-
resentation during extraction is now bypassed. Instead, the system reads an existing Qube
representation, which acts as a cached view of the data space. This significantly reduces perfor-
mance overhead, as the pre-computation phase is now almost instantaneous, and is particularly
beneficial to enable true interactive workflows.
The introduction of the Qubed abstraction adds only minimal runtime overhead because it
serves as a read-only cache queried during extraction rather than as an active processing com-
ponent. As with all data access systems, however, overall performance remains closely tied to
access patterns and to how well these patterns align with the underlying storage layout. When
the tree structure reflects how data are physically stored, it naturally highlights access paths
that group nearby data, enabling more efficient retrieval and offering guidance on optimal usage
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Figure 4: Full feature extraction system with the Polytope, GribJump and Qubed components.

patterns.
In practice, requests aligned with native storage layouts, such as spatial subsets within a single
field, are served more quickly than requests spanning many fields. Polytope mitigates this effect
by minimising total I/O and grouping access to consecutively stored data wherever possible,
although algorithmic cost still increases with the size and geometric complexity of the requested
feature. These effects are clearly visible in typical usage. Extracting a single full field using na-
tive access methods often completes in fractions of a second, whereas Polytope-based extraction
may take a few seconds due to additional geometric processing. However, Polytope returns only
a small fraction of the data, which is already advantageous in many scenarios.
As extraction scales across many fields, the benefits become more pronounced. For example,
extracting a full forecast timeseries spanning 96 fields requires several seconds when using tra-
ditional full-field access, while the Polytope-based approach retrieves only a single point per
field and scales minimally. When extending to ensemble forecasts involving hundreds of fields,
traditional extraction can take minutes, whereas feature extraction remains on the order of sec-
onds. This demonstrates the effectiveness of the approach for access patterns that are common
in practice but poorly supported by native data layouts.
At the same time, performance remains influenced by the underlying storage system and hard-
ware configuration. Factors such as data ordering, compression schemes, caching behaviour and
storage media performance cannot be fully abstracted away. As a result, deploying the frame-
work on a new backend or platform requires careful inspection of access patterns and dedicated
performance analysis. This dependency is not unique to the proposed system and applies equally
to other widely used data access frameworks, including xarray- and Zarr-based workflows. In
all such systems, performance can degrade when user access patterns diverge from assumptions
made during data layout and indexing.
Users should therefore be aware that extraction performance is determined not only by the fea-
ture extraction algorithm itself, but also by how data are organised and accessed at the storage
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level. While the framework provides strong guarantees on minimising unnecessary data access,
optimal performance ultimately requires an overall view of the full data access stack, from user
request patterns down to the physical storage layer.

4.3 User-Centric Workflows and New Access Patterns
Beyond performance, a central strength of the proposed feature extraction framework lies in how
it fundamentally changes the way users interact with large-scale weather and climate datasets.
Traditional access mechanisms in NWP and climate data stores typically expose data at the
level of complete fields or atmospheric layers. As a result, users are often forced to retrieve large
volumes of data even when only a small subset is required, placing a significant burden on local
storage, data transfer and post-processing before any scientific analysis can begin.
The framework developed here addresses this limitation by shifting feature extraction from a
post-processing step to a core operation within the data access layer itself. The compressed
tree data hypercube abstraction plays an important role in this transition. By explicitly en-
coding which data actually exists, along with its intrinsic constraints and branching structure,
the tree view enables users to navigate and query the data space safely and naturally. Requests
are guaranteed to only access existing data, as the extraction system provides strong semantic
guarantees about the validity of user queries.
From a user perspective, this enables a more intuitive and application-oriented interaction model.
Rather than formulating requests in terms of storage-specific concepts such as files, fields or
chunks, users can express their needs directly in terms of scientific features of interest, including
point time series, trajectories, regions or arbitrary spatio-temporal subsets. These high-level
requests are translated internally by Polytope into precise byte-level access patterns, using the
Qubed representation to reason about data availability and structure. As a result, users receive
only the exact data that they need, in a format which is directly useful for downstream analysis.
This design significantly reduces the effort required to work with meteorological datasets. In-
deed, users no longer need detailed knowledge of data formats, grid definitions or backend
storage conventions in order to retrieve meteorological data efficiently. They can instead focus
on scientific questions, whilst the extraction pipeline transparently manages the complexity of
identifying, filtering and accessing the relevant data. This is particularly beneficial for non-
expert users, interdisciplinary researchers and application developers, who rely on weather and
climate data as inputs rather than as primary research objects.
The advantages of this approach are especially apparent in interactive and exploratory work-
flows. Because feature extraction retrieves only small targeted subsets of data, requests can often
be served quickly enough to support iterative analysis, visualisation and prototyping. Users can
explore timeseries at multiple locations, compare ensemble members or refine regions of interest
without repeatedly downloading large datasets. Such interactivity is difficult to achieve with
traditional full-field access and enables new classes of workflows, including web-based applica-
tions, notebooks and real-time decision-support systems.
The framework also improves accessibility by reducing local resource requirements. Full-resolution
fields from modern climate simulations can easily exceed the memory and storage capacity of
standard user environments. Feature-based access, by contrast, returns compact datasets that
can be processed on modest local hardware or within lightweight cloud-based environments.
This broadens access to large-scale weather and climate data while also supporting more sus-
tainable data usage by minimising unnecessary data movement and duplication.
Finally, the generic nature of the feature extraction service allows it to operate across multiple
data systems in a consistent manner. By separating abstract data representation from physical
storage, the framework can serve as a common access layer over heterogeneous backends. This
makes it well suited as a backend for standardised data access interfaces such as the OGC Envi-
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ronmental Data Retrieval (EDR) API [5] and enables seamless integration with data catalogues
[1], notification services [23] and downstream processing pipelines [42]. In operational contexts
such as the Destination Earth digital twins [48], this unified access model allows users to dis-
cover, request and consume data through a single coherent interface, even when the underlying
data are distributed across multiple systems.
Overall, the framework shifts the emphasis of data access from bulk data movement to infor-
mation delivery. By allowing users to request precisely the data they need, in a form that is
immediately usable, it enables more efficient, accessible and user-centred interaction with large
scientific data stores. This perspective is central to the operational value of the system and
highlights its potential as a foundational component for future data access services in weather,
climate and Earth system science.

5 Discussion and Future Work

Feature extraction is becoming an increasingly important and widely used data access pattern
in weather and climate science. As datasets continue to grow in size and complexity, users
are progressively shifting away from full-field access towards more selective, application-driven
queries that retrieve only the data strictly required for analysis. This trend is clearly visible in
operational systems such as the Copernicus Data Store (CDS) [33], where a substantial fraction
of users request spatial or spatio-temporal subsets rather than complete fields. Supporting such
access patterns efficiently and robustly is therefore a key requirement for modern data services.
In this work, we have presented a complete and fully generic feature extraction framework that
operates on arbitrary data hypercube representations by reasoning directly over a tree-based ab-
straction of the data space. By decoupling logical data organisation from physical storage and
by avoiding assumptions about data completeness, layout or regularity, the framework gener-
alises traditional datacube models to encompass sparse, heterogeneous and conditionally defined
datasets. Feature extraction is no longer treated as a post-processing step applied after data
retrieval, but as a core operation embedded directly into the representation and traversal of the
data space.
A central strength of the proposed approach is its generality. All data- and storage-specific
details are encapsulated behind generic abstractions, allowing the same extraction pipeline to
be reused across different datasets, storage systems and operational contexts. This makes the
framework particularly well adapted to environments in which various data sources with differ-
ent formats and conventions coexist, and where user access patterns vary widely. The ability to
redeploy the system with minimal changes across different platforms is a key advantage as data
infrastructures continue to evolve.
The practical relevance of this approach is reinforced by observed user behaviour in operational
services. In the CDS, approximately 62% of users accessing the ERA5 single-levels dataset
apply an area constraint, with around 22% targeting regions smaller than 10° × 10°. These
access patterns are naturally well aligned with feature extraction and stand to benefit directly
from reduced data transfer and backend I/O. While the precise performance gains depend on
hardware and storage configuration, the framework therefore has clear potential to alleviate I/O
bottlenecks and improve scalability across the Copernicus ecosystem.
This potential is already demonstrated by the operational deployment of the Polytope-based
extraction service within the Destination Earth initiative [48, 14], where it is used daily to ac-
cess Weather and Climate Digital Twin data. In this setting, feature extraction acts as the
primary data access mechanism, supporting interactive workflows while integrating seamlessly
with existing catalogues and services. Building on this experience, the framework is planned
for integration into the unified CDS, where it is expected to benefit a large fraction of users by
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providing faster, more efficient and more accessible data extraction.
Several directions for future work emerge from this study. A first priority is the integration
and evaluation of the framework across a broader range of backend data stores and hardware
platforms. While the system is designed to minimise I/O and to align access patterns with
underlying storage layouts, overall performance inevitably depends on backend-specific charac-
teristics. Systematic evaluation across different storage technologies will therefore be essential
to understand trade-offs and to guide deployment strategies.
A second direction concerns further optimisation based on observed user access patterns. By
analysing how users interact with data in practice, it may be possible to adapt data hypercube
representations, traversal orders or caching strategies to better match dominant workflows. This
opens the door to access pattern optimisations that go beyond generic performance tuning.
Finally, the framework naturally lends itself to the integration of richer metadata into the data
hypercube representation. Embedding additional information, such as grid definitions, physical
data location, routing constraints or service-specific annotations, directly into the tree-based
abstraction would allow the extraction system to make more informed decisions and to operate
in a fully information-driven manner. Such metadata-enriched data hypercubes would further
reduce the need for hard-coded assumptions and enable truly generic, self-describing data access
across heterogeneous systems.
Overall, this work demonstrates how the combination of compressed tree-based data hypercube
representations, geometric feature extraction and byte-level data access results in a coherent,
scalable and user-centric data access framework. By bridging the gap between backend storage
systems and user-driven workflows, the approach provides a practical foundation for future data
services in weather, climate and Earth system science, where efficient, flexible and sustainable
access to large datasets is increasingly essential.
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8 Discussion

The previous chapters presented the design and implementation of a complete fea-
ture extraction method for efficient data access. The work mostly focused on nu-
merical weather prediction and large-scale Earth system datasets. However, whilst
these applications demonstrate the practical benefits of the approach within oper-
ational meteorological systems, the underlying concepts have broader implications
beyond this specific domain.
In this chapter, we further extend the discussion to consider the wider impact of
the proposed data access paradigm. In particular, we examine how the concepts
introduced in this thesis relate to common problems in data-intensive scientific com-
puting and large-scale data management more generally. The discussion therefore
explores both the relevance of this work to other scientific domains that work with
high-dimensional datasets, as well as its implications from a computer science per-
spective, including the potential for more flexible, interactive and user-driven data
workflows.

8.1 A New Data Access Paradigm

The work presented in this thesis introduces a new approach to large-scale scientific
data access. Instead of treating feature extraction as a post-processing step applied
after data has been retrieved from storage, the proposed method performs this op-
eration before any data is accessed by integrating feature extraction directly into
the backend data system. As a result, the system is able to guarantee that only the
exact subsets of data required to fulfil a given user query are read and returned.
Moving feature extraction closer to the storage layer in this way not only reduces
unnecessary data transfer, but it also improves the overall efficiency of the data
access process.
This design represents a clear departure from more traditional data access paradigms
used in scientific computing. In many existing workflows, users retrieve entire files,
or large portions of them, before applying filtering or clipping operations locally.
Even in more advanced database systems, such as Rasdaman [10, 11] or PostGIS
[89, 125], subsetting and clipping operations are usually performed as query-time
transformations after the relevant data has already been accessed from storage.
Whilst these systems provide powerful abstractions for querying and manipulat-
ing multi-dimensional geospatial data, the underlying execution model still involves
reading larger data regions and then applying spatial or logical filters as a subse-
quent processing step. Though this approach has historically been sufficient for
moderately sized datasets, it becomes increasingly inefficient as datasets grow in
both size and dimensionality. The approach introduced in this thesis instead shifts
part of the analytical workload into the data access layer itself, allowing users to
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retrieve analysis-ready subsets of data without first transferring or manipulating
larger intermediate data regions.
In recent years, a range of alternative data access methods have emerged, which ad-
dress similar challenges. Chunked storage formats, such as Zarr [83, 123], partition
datasets into smaller and independently accessible blocks. These smaller chunks of
data can then be retrieved depending on whether they intersect a user request or not.
Building on this idea, more advanced tools, such as Kerchunk [24, 59], allow existing
file-based formats to be virtually re-structured into chunked representations, whilst
other approaches, such as Icechunk [1], extend these chunking concepts towards
more dynamic and cloud-native storage abstractions. These developments have sig-
nificantly improved the performance and scalability of data access on modern data
stores. These approaches, however, largely rely on pre-defined chunking strategies
or virtual chunk layouts, which implicitly assume certain access patterns. In highly
multi-dimensional datasets, users often explore the data along many different axes,
such as space, time or other metadata dimensions, and these access patterns can be
difficult to anticipate in advance. As a result, even flexible chunked representations
may lead to inefficient access if queries do not align well with the underlying chunk
structure, sometimes requiring the retrieval of more data than is actually needed.
The feature-oriented access paradigm proposed in this thesis takes a complementary
approach. Rather than optimising how data is partitioned in storage, it focuses on
extracting exactly the required data elements at query time. At the same time, it
operates in close interaction with the underlying storage layout and access mech-
anisms. In particular, the physical organisation of data, such as the contiguity of
fields or the grouping of related variables, remains an important factor for perfor-
mance. The goal is therefore to read as little data as necessary to satisfy a query,
although the amount of data and files that must actually be read depends on how
it is organised and distributed within the underlying storage system. By perform-
ing feature extraction directly within the data access layer, the system avoids the
need for pre-defined storage layouts tailored to specific queries. However, this does
not imply complete independence from storage structure. Instead, the approach is
designed to adapt to it dynamically, leveraging favourable layouts when available
whilst remaining flexible for varying access patterns. Importantly, this means that
data does not need to be re-organised or re-chunked in order to support new access
patterns, as the extraction logic dynamically adapts to the query itself.
Currently, implementations such as Gribjump operate directly on full GRIB fields
and are therefore aligned with traditional field-based storage formats. Neverthe-
less, the underlying feature extraction algorithm is not inherently limited to this
representation. In principle, it can be extended to operate on chunked or cloud-
native datasets by providing an appropriate low-level byte access mechanism. This
would enable direct extraction from formats such as Zarr, which are becoming in-
creasingly common in the Earth sciences, and opens up opportunities to combine
feature-oriented access with existing chunking strategies.
The approach presented here can therefore be seen as extending existing data ac-
cess paradigms rather than replacing them. Techniques such as chunking, virtual
datasets and cloud-native storage formats provide important building blocks for
scalable data systems. Feature-oriented data access builds on top of these ideas
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by introducing a more flexible and query-driven layer, enabling precise fine-grained
access to high-dimensional datasets even when access patterns are complex or un-
predictable.

8.2 Performance Considerations

Whilst the feature extraction paradigm removes many constraints imposed by stor-
age layout, it also introduces a more nuanced performance landscape that depends
on both the structure of the underlying datasets and the way in which feature ex-
traction is performed. Importantly, performance is not completely independent of
the underlying storage organisation and in practice, favourable data layouts, such
as the contiguous storage of related fields, can significantly improve efficiency by re-
ducing the number of required data accesses and enabling more effective in-memory
processing. The system developed in this work follows a complex architecture, in
which different execution paths are taken depending on properties such as the grid
type, data representation and query geometry.
A key distinction in this context is between the cost of the feature extraction algo-
rithm itself and the cost of accessing data from the backend storage system. These
two components exhibit different scaling behaviours. The cost of data access is pri-
marily driven by storage characteristics and access patterns, such as how data is
laid out on disk, how efficiently specific byte ranges can be retrieved or how well
the access aligns with underlying storage structures. In particular, efficient access
seeks to minimise the number of distinct data blocks that must be loaded and to
avoid repeated reads, ideally performing as much extraction as possible while data
resides in memory. The cost of algorithmic feature extraction instead depends more
on the properties of the datasets and the complexity of the user requests. This in-
cludes factors such as the dimension of the data, the structure of the underlying grid
or the geometric properties of the request shape. This distinction is especially rele-
vant, for example, when analysing performance across different grid types. For more
structured iso-latitude grids, the original Polytope feature extraction algorithm uses
efficient indexing strategies to be more performant. However, for fully unstructured
grids, the performance of the Polytope algorithm can be significantly more sensitive
to request sizes. In such cases, extracting larger regions or more complex geome-
tries may require evaluating a substantial portion of the dataset. This increases the
computational cost of the algorithmic feature extraction step, even if the underlying
data access remains efficient.
As a result, overall system performance is determined by the interaction between
these two scaling behaviours, where the first is associated with backend data access,
and the second with the algorithmic performance of feature extraction. Understand-
ing this interaction is critical for deployment across diverse environments, as the rel-
ative importance of these factors depends on the underlying storage infrastructure,
data formats, and specific application requirements. This is particularly relevant in
operational contexts, where performance constraints and resource utilisation must be
managed carefully. The exact data storage systems, grid representations and com-
mon query patterns can all significantly influence the performance and scalability of
feature extraction. In the context of this work, performance is evaluated primarily on
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FDB systems, which act as field-oriented object stores and high-performance caches,
often backed by memory and optimised for fast retrieval of complete meteorological
fields. This has important implications for observed performance characteristics, as
access to contiguous field data can be significantly faster than more fragmented ac-
cess patterns typical of other disk or tape storage systems. Performance evaluations
must therefore consider both the characteristics of the underlying data stores, as
well as the computational cost of feature extraction for different types of datasets
and applications. In practice, this requires analysing metrics such as the number
of accessed fields or blocks, data volume transferred, memory reuse, and latency of
individual access operations across representative hardware configurations.
Besides these core considerations, a few other additional factors influence the per-
formance and scalability of feature extraction systems in real-world deployments.
In particular, the iterative nature of the Polytope and Qubed algorithms limits the
extent to which they can be parallelised. Whilst some higher-level operations, such
as scanning data spaces across multiple datasets or querying independent extraction
requests separately, can be parallelised efficiently, the core traversal and construction
steps remain more sequential, which can limit scalability for complex queries. As a
result, performance improvements are often achieved through coarser-grained paral-
lelism, for example by distributing requests across independent regions or datasets.
Furthermore, the need to operate across heterogeneous data storage systems and
high-performance computing environments favours implementations in the form of
flexible libraries that can be embedded directly within existing infrastructures. This
enables system administrators to adapt algorithm behaviour to the characteristics
of the underlying system, for instance by configuring how the data space is repre-
sented, identifying regular versus irregular dimensions, or tuning caching strategies
and memory usage. The effectiveness of these choices depends strongly on the inter-
action between hardware characteristics, data layout and dominant query patterns,
and therefore requires careful system-specific performance evaluation rather than
relying on fixed default configurations.
Taken together, these observations show that, while the feature extraction paradigm
enables greater flexibility in data access, its practical performance depends on how
well the system is adapted to the specific properties of the data, as well as on the
operational context in which it is used.
These architectural changes have important implications which extend beyond im-
proving the efficiency of data retrieval in backend data systems however. By enabling
precise and flexible data extraction directly within backend systems, the feature ex-
traction paradigm opens the possibility for more dynamic and interactive workflows
in which users can define their own access patterns rather than adapting their work-
flows to the structure of stored datasets. The implications of this shift become
particularly visible in domains where extremely large datasets are accessed by very
diverse user communities, such as operational weather forecasting for example.
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8.3 User-Centric Workflows and Operational
Weather Forecasting

Operational weather forecasting systems represent one of the most demanding en-
vironments for scientific data management. Modern numerical weather prediction
models generate large multi-dimensional datasets at high spatial and temporal reso-
lution. These datasets must be distributed to a wide range of users, including opera-
tional meteorological services, research institutions, downstream modelling systems,
and decision-support applications. As forecasting systems increase in resolution and
complexity, the volume of generated data continues to grow rapidly. At the same
time, the number and diversity of users accessing these datasets is expanding. Serv-
ing these large datasets efficiently therefore represents a significant challenge for
operational infrastructures.
Traditional meteorological data distribution systems often rely on file-based access
patterns in which users retrieve complete model output files. In many practical
use cases, however, users require only small portions of these datasets, such as spe-
cific variables, spatial regions or time ranges. For such use cases, retrieving entire
files leads to unnecessary data transfer and increased I/O load on storage systems.
The feature-oriented data access paradigm explored in this thesis introduces a fun-
damentally different interaction model for such data systems. Instead of retrieving
complete files and performing subsetting operations locally, users can request exactly
the subset of data required for their analysis directly from the backend system. This
changes the role of the data infrastructure, and instead of dictating how users must
access data, the data access system becomes a flexible service that responds directly
to user-defined queries.
One of the most important consequences of this design is the natural shift toward
more user-driven data workflows. In traditional data processing pipelines, workflows
are often constrained by the structure of stored datasets, forcing users to adapt their
downstream applications to the organisation of files or storage formats. In contrast,
feature extraction allows users to define their own access patterns based on the
technical requirements of their particular use cases. This enables a transition from
static processing pipelines toward dynamic and interactive workflows, in which data
extraction is driven by user applications rather than constrained by storage lay-
outs. By retrieving only the required data subsets for given user queries, such as
regional selections or timeseries, feature extraction avoids the expensive transfer of
large unnecessary data volumes. This then directly allows for a more responsive and
iterative interaction between the user and the data systems. Such capabilities are
particularly important for exploratory data analysis, where researchers often need
to refine their requests, test different scenarios and access multiple different subsets
of data before identifying the most relevant information for their application. By
lowering the cost of accessing smaller data subsets from large datasets, feature ex-
traction enables workflows that are not only more efficient, but also inherently more
interactive as it allows scientific analysis to evolve dynamically as research questions
develop.
This shift toward interactive access is in particular critical in the context of digital
twin ecosystems such as the Destination Earth initiative [118, 42]. These systems
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are designed to provide continuous, high-resolution simulations of the Earth system,
generating datasets at petabyte scales. In such environments, it is neither prac-
tical nor efficient to move complete datasets to users or downstream applications.
Instead, data access must be selective, responsive and tightly integrated with an-
alytical workflows. The deployment of the feature extraction system developed in
this thesis within the Destination Earth Digital Twin Engine [42] illustrates how this
can be achieved in practice. By enabling feature extraction directly within backend
systems, users and services can query and retrieve only the specific data required
for a given application, whether for visualisation, downstream modelling, or any
other scientific analysis task. This also allows data access to be tightly coupled
with other services, such as catalogue browsers or data notification systems, so that
data retrieval can be triggered dynamically as part of larger workflows, rather than
occurring as a separate, manual step. Within the Destination Earth initiative, for
example, this new feature extraction framework integrates with services such as the
Aviso data notification system [55] and STAC catalogue interfaces [34], forming part
of a coordinated ecosystem for managing and accessing large-scale Earth system dig-
ital twin data. In this setting, efficient feature extraction is not just an optimisation,
but a fundamental requirement for enabling scalable user-centric interaction with
digital twin systems.
More broadly, these developments illustrate how feature-oriented data access can
reshape the design of operational scientific data infrastructures. By supporting flex-
ible, low-latency access to precisely defined data subsets, such systems enable new
forms of interactive and user-driven workflows that are difficult to realise within
traditional file-based access models. The relevance of this paradigm is not limited
to meteorology, however, and similar requirements for efficient, selective data access
arise across a wide range of scientific domains, as discussed in the following section.

8.4 Applications Across Scientific Domains

Although the work presented in this thesis was originally developed in the context of
numerical weather forecasting, the main challenges it addresses are not unique to this
domain. Across many scientific disciplines, the scale and complexity of datasets has
increased significantly over the past decade as modern instruments, observational
platforms and numerical simulations generate data at increasingly high spatial and
temporal resolutions. As a result, researchers frequently work with datasets that
are both extremely large and highly multi-dimensional. Traditional workflows of-
ten require substantial pre-processing, such as subsetting, reformatting, coordinate
transformations or quality control, before meaningful analysis can begin. These
pre-processing steps can represent a significant amount of the computational effort
required to work with large datasets.
To address these challenges, many scientific communities have adopted the concept
of analysis-ready data [6, 31], in which datasets are structured and standardised
in ways that allow users to begin analysis with minimal pre-processing. This de-
velopment is closely linked to the growing use of datacube architectures, which or-
ganise datasets along well-defined multi-dimensional axes such as space, time, and
measured variables [13, 111]. These approaches are particularly common in Earth
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observation, where satellite missions generate large observational datasets across
multiple spatial, temporal and spectral dimensions. Such datasets are often organ-
ised as datacubes that allow users to analyse observations across time and space
while querying specific subsets of interest. Similar data characteristics and access
challenges can also be observed across a range of other scientific domains.

Remote Sensing and Earth Observation

Remote sensing and Earth observation provide one of the most natural application
domains for the feature extraction approach presented in this thesis. Satellite-based
systems generate large high-dimensional datacubes with dimensions spanning space,
time, spectral bands and often multiple sensor platforms or processing levels [116, 5].
These datasets can therefore be highly heterogeneous, combining observational data
from different instruments with varying resolutions and metadata dimensions.
In particular, many instruments provide spectral channels at different spatial reso-
lutions, as seen in satellite systems like Sentinel-2 and Landsat, requiring the fusion
of data defined on multiple grids when combining information across bands. This
introduces additional complexity in data access, which can be accommodated within
the proposed framework by treating each resolution level as part of a unified multi-
dimensional structure and applying feature extraction consistently across them.
From a structural perspective, many Earth observation datasets are defined on reg-
ular latitude–longitude grids or projected grids, which provide a well-structured
spatial representation. In these cases, the original Polytope feature extraction algo-
rithm for structured grids can be applied directly. In addition to spatial subsetting,
Earth observation workflows frequently involve filtering across multiple non-spatial
dimensions, such as time ranges, spectral channels or acquisition parameters.
Moreover, cloud masking, which is one of the most common filtering operations
in remote sensing, can be interpreted as introducing missing data into these high-
dimensional datasets. Representing the data as a partially populated hypercube
allows such masked regions to be handled naturally, contributing to the irregular
and complex data spaces observed in practice.
This results in high-dimensional datacubes where access patterns are often com-
plex and difficult to predict in advance. Feature extraction enables these multi-
dimensional queries to be expressed naturally, whilst ensuring that only the required
subsets are retrieved from storage. Besides, Earth observation systems increasingly
rely on cloud-based and distributed data infrastructures [46, 122, 92], where minimis-
ing data transfer is critical. In this context, integrating feature extraction directly
into the data access layer can significantly reduce bandwidth usage and improve
responsiveness, particularly for interactive analysis and visualisation tasks.

Medical Imaging

Similar challenges arise in medical imaging, with volumetric imagery datasets for
example. Imaging modalities such as magnetic resonance imaging (MRI) or com-
puted tomography (CT) produce data defined on regular three-dimensional spatial
grids, often extended with additional dimensions such as time, imaging sequences
or derived physiological parameters [62, 86].
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Compared to Earth observation, these datacubes are generally more compact in
terms of dimensionality and most commonly consist of three spatial dimensions and
time. However these can still become extremely large in high-resolution scans or lon-
gitudinal studies. The structured nature of the underlying grids allows the efficient
Polytope feature extraction algorithm for regular grids to be applied directly, en-
abling fast identification of spatial regions of interest. In medical workflows, feature
extraction is often required to isolate specific anatomical structures, extract regions
for further processing or analyse temporal changes across repeated scans. These op-
erations are usually performed after loading substantial portions of the dataset into
memory. In contrast, by integrating feature extraction into the data access layer,
these regions can be identified and retrieved directly, which reduces both memory
usage and data transfer.
Furthermore, medical datasets can sometimes include multiple derived data products
that can be viewed as additional datacube dimensions. Feature extraction provides
a flexible mechanism to then navigate these datasets, supporting more targeted and
efficient analysis workflows, whilst maintaining compatibility with existing imaging
representations.

Astronomy

Astronomy datasets also exhibit strong structural similarities to Earth observation,
although they rely on different spatial representations. Large observational surveys
are commonly organised as spatial–spectral datacubes, combining angular coordi-
nates on the celestial sphere with additional dimensions such as wavelength, time
or observational parameters [30, 19].
A key characteristic of astronomy data is the use of hierarchical spherical grids
such as HEALPix, which provides an equal-area tessellation of the sphere with well-
defined indexing properties [23, 36, 104]. Unlike regular Cartesian grids, HEALPix
introduces a structured but non-uniform spatial representation that is specifically
designed for efficient analysis of spherical data. Importantly, note that the Poly-
tope feature extraction algorithm developed in this thesis already includes support
for HEALPix grids, which are iso-latitude, allowing spatial queries on the sphere
to be evaluated efficiently using the existing framework. Astronomy datacubes are
typically lower-dimensional than those in Earth observation, often consisting of two
spatial dimensions on the sphere combined with spectral and temporal axes. How-
ever, they can still reach very large sizes due to the resolution and coverage of
modern surveys. Additional metadata dimensions, such as instrument configuration
or observation locations, might further increase the complexity of the data space.
Astronomical surveys also commonly contain missing or masked regions, due for
example to observational constraints. This can be naturally handled within the
proposed framework by representing the datacube as a partially populated data hy-
percube model, such as the Qube data structure. Polytope can then efficiently skip
absent regions during query evaluation, ensuring that incomplete coverage does not
impact performance or applicability.
In this setting, feature extraction enables efficient selection of sky regions, spectral
bands or time intervals without requiring full dataset transfer. The structured na-
ture of HEALPix grids allows the algorithm to use their hierarchical grid indexing,
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ensuring that only relevant regions are processed. This makes our feature extrac-
tion approach particularly well suited for large-scale survey analysis, where users
frequently perform targeted queries over specific regions of the sky.

Simulation-Based Sciences

High-dimensional simulation outputs are also common in computational physics
and engineering disciplines such as computational fluid dynamics, materials science
and climate modelling. Numerical simulations in these fields generate datasets de-
fined on discretised computational meshes, which may be structured in simple cases
but are increasingly unstructured, adaptive, or even dynamically evolving in time
[63, 115]. In contrast to Earth system model grids, which are often based on regular
2D horizontal meshes with simple vertical layering, these meshes can be fully three-
dimensional and may undergo local refinement, coarsening or deformation during the
simulation. Such dynamic mesh adaptation introduce additional complexity in both
spatial connectivity and temporal consistency. As a result, the associated datasets
typically span three spatial dimensions and time, along with multiple physical vari-
ables such as velocity, pressure or temperature. While the overall dimensionality
may be lower than in Earth observation, the complexity of the underlying grid
structure introduces additional challenges for data access.
In contrast to the previous domains, unstructured meshes require the use of the more
general Polytope feature extraction algorithm designed for arbitrary grid topologies.
As spatial relationships cannot always be defined explicitly, the algorithm uses an
additional quadtree spatial data structure, which can significantly increase com-
putational cost, particularly when querying large regions or complex geometries.
Simulation data is often defined over volume elements, such as finite volumes or
finite elements [57, 40], which introduces similarities to numerical weather predic-
tion systems, where computations are also performed over discretised spatial cells.
Extending the feature extraction framework to work efficiently on such representa-
tions, however, might require adapting the unstructured grid slicer to handle three-
dimensional volume elements instead of two-dimensional point-based data.
In this context, the unstructured Polytope algorithm can already be applied to irreg-
ular meshes, including three-dimensional ones. However, working with volumetric
elements and complex mesh connectivity tends to increase the cost of spatial index-
ing and traversal, making efficient query evaluation more challenging than in the
case of structured grids.

Across these different scientific domains, a wide range of strategies has been de-
veloped to address the challenges of large-scale data storage and access. Some
communities rely on chunked storage layouts, multi-dimensional datacube abstrac-
tions or standardised scientific data formats, while others have developed highly
specialised infrastructures tailored to the characteristics of their data. For example,
particle physics experiments operate large distributed computing systems designed
to process very large volumes of detector data [80, 88], whilst astronomy and Earth
observation rely on domain-specific standards, indexing schemes and spatial rep-
resentations such as regular grids or HEALPix. Although these approaches differ
significantly in their implementation details, they all address a common underlying
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challenge, which is to enable efficient and flexible access to extremely large datasets
in support of complex analytical workflows.
The feature extraction paradigm introduced in this thesis provides a different per-
spective by focusing on extracting only the required data subsets for a given request
directly from storage. Whilst the current implementation focuses on meteorological
data, it already supports multiple grid representations in practice, including struc-
tured grids, reduced grids and spherical grids such as HEALPix. This demonstrates
that the approach is not tied to a single spatial structure, but can operate across
different grid types by leveraging structural metadata and indexing information.
As a result, the same core mechanism can be applied across all of the application
domains discussed above. Whether working with regular grids in Earth observa-
tion and medical imaging, spherical grids in astronomy or unstructured meshes in
simulation sciences, the underlying principle, to identify and retrieve only the data
required to satisfy a given query, remains the same. This positions feature-oriented
access as a unifying abstraction across heterogeneous scientific data systems.

8.5 Real-Time and Operational Data Access

At the same time, deploying such a data access system for real-world applications
introduces domain-specific constraints, which must be carefully considered. In oper-
ational NWP systems or digital twin environments for example, data access is often
time-critical with strict requirements for forecasting and decision-making workflows.
Similarly, in Earth observation platforms, interactive analysis tools depend on re-
sponsive access to large satellite datasets, whilst in medical imaging, clinical work-
flows may require near real-time retrieval of specific regions from high-resolution
volumetric scans. In astronomy, large survey infrastructures must support efficient
querying of sky regions across distributed archives, and in simulation-based sci-
ences, data extraction is often embedded within iterative analysis and visualisation
pipelines. In all of these cases, the integration of feature extraction into backend
systems must account not only for performance, but also for predictability and ro-
bustness. The balance between the feature extraction cost and the cost of backend
data access becomes particularly important. Whilst the proposed approach reduces
unnecessary data transfer, the computational overhead of the extraction algorithm
itself, especially for unstructured grids or complex query geometries, can vary de-
pending on the dataset and use case. This leads to a dual scaling behaviour, where
performance is influenced both by storage-level access patterns and by the structural
properties of the underlying data.
These considerations are especially relevant when deploying the feature extraction
framework across a range of heterogeneous infrastructures, including traditional file-
based archives, cloud-native object stores and distributed data services. Indeed,
differences in latency, throughput, as well as data layout, can significantly affect
overall performance on these different systems. The feature extraction framework
might then require system-level optimisations or different caching strategies tailored
to specific applications. Moreover, whilst the current framework already demon-
strates flexibility across multiple grid types, extending it to a broader ecosystem
of data formats, such as NetCDF [95] or HDF5 [39], remains an important step.
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This will require the development of specialised data access components, which im-
plement a byte-jumping functionality similar to GribJump [32] for GRIB data files
[15].
All in all, it is important to note that feature extraction is not only a conceptual shift,
but also a systems-level challenge. Its successful adoption across domains such as
meteorology, Earth observation, medical imaging, astronomy and simulation sciences
will depend on careful integration into existing operational environments, which re-
quires particular attention to system performance, data access patterns and diverse
application-specific constraints. Addressing these aspects forms a natural direction
for future work, where the focus moves from demonstrating generality toward opti-
mising and deploying the feature extraction framework in diverse, real-world data
systems.

8.6 Broader Implications

The discussion in this chapter demonstrates how feature extraction capabilities can
fundamentally change the way large scientific datasets are accessed. Within the field
of NWP, this data access method enables more efficient and user-centric workflows
by allowing users to only retrieve precisely the data that they need for their ap-
plication, without first having to transfer entire model output files or intermediate
data subsets locally. As data volumes and user demands continue to grow, such
fine-grained access is likely to become essential in order to maintain scalable and
responsive data services.
At the same time, the characteristics that make this approach effective in meteo-
rological systems, such as high-dimensional data, diverse user communities and in-
creasingly interactive workflows, are not unique to this domain. Similar challenges
arise in fields such as medical imaging, remote sensing, astronomy and simulation-
based sciences, where large and complex datasets are routinely explored through
selective queries over specific spatial, temporal or variable dimensions.
As these domains continue to move toward more interactive and exploratory modes
of data analysis, the ability to retrieve precisely defined subsets directly from storage
is becoming a key requirement rather than an optimisation. In this context, feature
extraction provides a promising foundation for next-generation scientific data sys-
tems, supporting more flexible, responsive and user-driven workflows. More broadly,
it points toward a shift in data infrastructure systems where data access frameworks
are not only designed round static storage structures anymore, but also around the
needs of users and applications, enabling more seamless interaction with increasingly
complex data landscapes.
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9 Conclusion

The increasing volume, complexity and diversity of scientific datasets is fundamen-
tally changing how such scientific data needs to be accessed. As datasets grow
in both size and dimensionality, traditional data access strategies, which are often
based on retrieving complete files or large pre-defined data subsets, become increas-
ingly inefficient and restrictive, particularly in settings where users require flexible
and exploratory interaction with data.
A solution to this challenge is the introduction of feature extraction frameworks. In
many existing data extraction systems however, feature extraction is usually per-
formed only after data has already been retrieved from storage. This post-processing
step then still leads to unnecessary data transfers and increased I/O costs, which
can significantly impact the performance of large-scale data systems. Addressing
this limitation therefore requires re-thinking how data subsetting operations are
performed within the overall data extraction system.
The feature extraction method developed in this thesis introduces a fundamental
design shift compared to the more traditional data extraction frameworks because
it integrates feature extraction directly into the data access layer. Instead of re-
trieving large volumes of data and filtering them afterwards, only the exact bytes
of data required for a given request is accessed in the first place. This enables more
efficient data access, whilst also supporting more interactive and user-driven work-
flows. The following section provides a detailed summary of our work, outlining our
main contributions, before finally discussing directions for future work.

9.1 Summary of Contributions

In this work, we developed a comprehensive framework for efficient feature extrac-
tion from high-dimensional branching scientific datacubes, combining algorithmic
foundations with system design.
This framework is built on top of a computational geometry algorithm, which can
identify data points contained within arbitrary high-dimensional polytope shapes.
This provides a flexible and expressive way to define multidimensional queries, en-
abling users to specify complex regions of interest across spatial, temporal, as well
as any other dimension. By operating directly on the available structural datacube
metadata and index information, the algorithm allows precise data selection without
requiring full dataset traversal.
This algorithm is then integrated within a data extraction system built on top of
ECMWF’s FDB meteorological data stores. This implementation shows how feature
extraction can be served directly on top of operational data infrastructures, enabling
efficient retrieval of meteorological features whilst significantly reducing unnecessary
data transfer and backend I/O. It establishes a practical foundation for applying the
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approach in large-scale production environments.
Building on this initial system, the framework is applied in different scientific con-
texts, including the Destination Earth digital twin environment and several Earth
observation datasets. These applications demonstrate that the approach generalises
beyond meteorology and can be applied to a broader class of high-dimensional dat-
acubes. In these settings, feature extraction allows for more interactive and user-
driven workflows, where data retrieval patterns are dictated by user applications
rather than pre-defined storage layouts.
A key step in this generalisation is the support for multiple grid types. The frame-
work incorporates specialised algorithms for structured grids where regularity allows
for efficient query evaluation, as well as more general methods for unstructured grids,
which are required in simulation-based sciences and other complex domains. Whilst
unstructured grids introduce additional computational overhead, their inclusion sig-
nificantly broadens the applicability of the approach to a wider range of use cases.
To unify these different representations, a generalised data hypercube abstraction
is introduced, designed to capture complex, high-dimensional data spaces that may
exhibit branching or conditional behaviour. In such data spaces, dimensions are not
always defined uniformly and some coordinate dimensions might only exist under
specific relational conditions. By integrating these complex constraints directly into
the abstract data model, the framework can then support consistent and efficient
feature extraction across multi-dimensional heterogeneous datasets.
Finally, these components are integrated into a complete feature extraction frame-
work, which combines the geometric algorithm with the generalised hypercube model
and backend data access. As feature extraction happens before data retrieval, the
system ensures that only the necessary data subsets are accessed, reducing unnec-
essary data movement and improving overall efficiency.
The performance characteristics of this approach reflect a dual scaling behaviour.
On the one hand, backend data access costs are reduced by limiting data retrieval to
relevant subsets. On the other hand, the computational cost of the feature extraction
algorithm depends both on the structure of the dataset, as well as on the complexity
of the data request. For structured grid, efficient indexing minimises computational
overhead, whereas in more complex scenarios with unstructured grids or highly het-
erogeneous data spaces, the cost of feature extraction becomes more significant and
must be carefully managed.
As discussed earlier, these contributions are not limited to a single application do-
main, but instead define a more general paradigm for data access in large-scale
scientific systems. Many scientific fields, including meteorology, Earth observation,
astronomy, medical imaging and simulation-based sciences, share the challenge of
working with large high-dimensional datasets and diverse evolving access patterns.
In this context, feature extraction provides a flexible and scalable approach to data
extraction, which complements existing storage and data processing strategies by
enabling direct fine-grained extraction of relevant data.
More generally, this work shows how integrating feature extraction directly into
the data access layer can support a transition towards more dynamic user-driven
data workflows. By allowing users to define data requests based on their applica-
tions, rather than adapting to pre-defined data layouts, the framework enables more
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custom and responsive workflows across a wide range of scientific applications.

9.2 Future Work

This thesis presents a general feature extraction framework that is applicable across
a wide range of scientific data spaces. While its effectiveness has been demonstrated
for meteorological and Earth system applications, the work also identifies several
clear directions for future research and development. These directions fall into four
main areas, which are to extend the framework to new scientific application domains,
support AI- and Machine Learning (ML)–driven workflows, further develop the un-
derlying system to improve performance, scalability and support for additional data
formats and standards, and integrate the framework more tightly with surrounding
data infrastructures, including distributed data stores, catalogues and interactive
digital twin services. We now discuss each of these directions in turn.

Extension to new scientific application domains

A first central direction for future work is the extension of the feature extraction
framework to a broader range of scientific application fields. While the current imple-
mentation already demonstrates applicability across meteorology and Earth system
science, many other domains, such as medical imaging, astronomy, and simulation-
based sciences, share similar challenges related to accessing and analysing large
high-dimensional datasets. Transferring the framework to these domains requires
adapting it to different data representations and access mechanisms. In particular,
this involves enabling efficient byte-level access for a wider range of scientific file
formats, as well as then integrating the Polytope feature extraction algorithms with
each of the domain-specific datacube structures. Extending support to formats such
as NetCDF or HDF5 would, for example, allow the framework to operate across a
much broader range of scientific data systems. More generally, this direction high-
lights that the core idea of feature extraction is not tied to a specific application
domain, but can be applied wherever large structured datasets are accessed through
repeated fine-grained queries. Extending the framework in this way would therefore
establish it as a broadly applicable paradigm for scientific data access.

Extension to new application domains with a focus on AI and ML

A second direction for future work is the adoption of the proposed feature extrac-
tion framework in more scientific domains, especially those driven by AI and ma-
chine learning. Such workflows usually require repeated and fine-grained access
to large datasets, making efficient, user-defined data extraction particularly valu-
able. Extending the algorithm to operate more efficiently on Zarr-based data would
be especially relevant in this context, given its increasing use in cloud-native and
ML-oriented environments. This also offers the possibility of implementing hybrid
approaches that combine feature extraction with chunking strategies, and could
therefore provide flexible and efficient data access patterns for training, as well as
inference workflows.
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Feature extraction evolution from performance and scalability to standards

A third direction concerns the further development of the extraction system itself.
This includes extending support for additional data formats and community stan-
dards, such as GRIB, netCDF and OGC interfaces, allowing data to be returned
in forms that integrate directly with downstream applications. At the software
level, future work should also focus on improving performance, in particular by
reimplementing the feature extraction algorithm in a compiled language. Such im-
provements would reduce execution overhead and enable tighter integration with
high-performance software used in operational weather forecasting, including back-
end data stores and numerical models such as ECMWF’s IFS. In parallel, evolving
the system into a fully distributed service, which can operate across multiple back-
end data stores would enable larger-scale deployments and more transparent access
to data distributed across heterogeneous storage systems.

Integration within digital twin and modern data infrastructure ecosystems

The fourth main area for future work focuses on deeper integration of our feature
extraction technique with other data infrastructure components and digital twin
ecosystems. Closer coupling with data catalogues and notification services could,
for example, allow dataset updates and extraction metadata to be registered auto-
matically and used during data access. This information could be used to reduce
lookup costs, simplify configuration, and further improve interactive performance.
In addition, the generalised datacube abstraction introduced in this thesis provides
a foundation for higher-level services, such as interactive exploration tools and query
cost estimation. These capabilities would support more user-driven and adaptive
data access patterns, which are particularly important in the context of large-scale
Earth system digital twins.

Overall, this work lays the foundation for a new class of scalable and user-centric
data access services. By enabling efficient, fine-grained access to complex and high-
dimensional scientific datasets, it addresses some of the fundamental limitations of
existing data extraction approaches. The framework is particularly well suited to
supporting emerging AI- and machine-learning–driven applications, where flexible
and repeated access to precisely defined data subsets is essential, as well as inter-
active digital twin workflows that require responsive and adaptive data access. In
this way, the contributions of this thesis provide a basis for future data systems that
can better accommodate both increasing data volumes and increasingly diverse user
requirements across a range of scientific domains.
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