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ABSTRACT

Climate change is one of the most significant global challenges that need to be managed Understanding of the natural
environment is increasingly important to respond to the climate change negative impacts and anthropogenic pressures
on finite natural resources, and their impacts on water, energy and food security, infrastructure, human health, natural
hazards. The paper reviewed ML application in weather and acclimate, its further development and activities and
achievements of ECMWEF in creating and app]lying of ML/Al methods. This is also a major interdisciplinary challenge
involving almost all scientific fields Artificial intelligence and machine learning (Al/ML) applications have recently
widely expanded in all fields. ML can enhance our computations by adding components or replacing some parts of the
process. This is what is called the ‘hybrid’ approach. Instead, ML can also fully replace the whole model, at a much
lower computing cost. In addition, AI/ML opens some avenues in other activities we are involved in, such as flood
forecasts, fire danger forecasts, monitoring of observations, managing the supercomputer, or enhancing user
experience.

Key words: Big Data, Machin Learning, Neural Network, CEMS (Climate and Environmental Monitoring from Space,
ECMWF’s Artificial Intelligence Forecasting System (AIFS),Hybrid approach

1. Introduction

Climate change is one of the most significant global challenges that need to be managed. To resolve any
of the climate change related challenges, “it is essential to elicit and integrate knowledge across a range of
systems, informing the design of solutions that take into account the complex and uncertain nature of the
individual systems and their interrelationships” [20]. Many studies and researches are devoted to this
problem [1-10]. The trends in data science and information technology supports the integration of various
disciplines and research outcomes to represent a socio-environmental system holistically inform policy and
decision-making processes, which can be referred as climate computing. Understanding of the natural
environment is increasingly important to respond to the climate change negative impacts and anthropogenic
pressures on finite natural resources, and their impacts on water, energy and food security, infrastructure,
human health, natural hazards. This is also a major interdisciplinary challenge involving almost all scientific
fields

In 2013, the UK government announced large-scale investment in Big Data infrastructure for science,
particularly in the environmental sector starting funding for a program called CEMS (Climate and
Environmental Monitoring from Space) [3,5,20,23]. This allowed for the creation of larger databases to
cope with the upcoming Big Data revolution and to allow research partner organizations to work with more
data and produce more results. With a specific focus on climate change and planetary monitoring, CEMS
storage removed the need to download enormous data sets while reducing the cost of access. Along with
Cloud data, this is now the standard globally for some of the world's top research institutes.

Environmental data comes from a wide variety of sources and this is increasingly rapidly with new

innovations in data capture:
1. Large volumes of data are collected via remote sensing, typically from satellite sensing or aircraft-borne
sensing devices, including an increasing use of drones. This includes passive sensing, such as photography or
infrared imagery, and active sensing, e.g., RADAR/LIDAR. The increasing availability of open satellite data
is a major trend in earth and environmental sciences. For example, the EU Copernicus program and the
associated Sentinel missions, or NASA’s Earth Observing System satellites, LandSat archive are regularly
mined for data for a variety of applications
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2. Other data are collected via earth monitoring systems, which consist of a range of sensor technologies
measuring various physical entities. Namely weather stations and monitoring systems

3. Model output is also a significant generator of environmental data with results from previous model runs
often stored for subsequent analysis

Machine Learning

Acrtificial intelligence and machine learning (AI/ML) applications have recently widely expanded in
all fields. ML uses a lot of data to produce results, and ECMWEF is all about data: to use a lot of data — tens
of millions of weather observations per day — and we create a lot of data by producing weather analyses and
forecasts at high resolution (Fig.1).

Traditionally, the physics-based methods are used for our computations in the Integrated Forecasting
System (IFS). This is the case for numerical weather prediction (NWP), reanalysis of past weather, and
atmospheric composition. All computations require large computing power to produce high-quality
predictions, based on the accurate description of physical processes.

ML can enhance our computations by adding components or replacing some parts of the process.
This is what we call the ‘hybrid’ approach. Instead, ML can also fully replace the whole model, at a much
lower computing cost. In addition, AlI/ML opens some avenues in other activities we are involved in, such as
flood forecasts, fire danger forecasts, monitoring of observations, managing the supercomputer, or enhancing
user experience.

- RORY .
Fig.1. Machine learning is well suited to weather forecasting due to the vast amounts of data that are used to
determine the best possible initial conditions and to produce global forecasts [22].

Machine learning (ML) is the use of statistical algorithms that can learn from data and generalize to
unseen data without explicit instructions. It is a sub-class of artificial intelligence (Al), which is the
capability of computer systems to perform tasks typically associated with human intelligence. Many of the
statistical methods that have been used for decades in Earth sciences can be counted into the wider class of
ML. Examples are multi-dimensional linear regression, or dimensionality reduction via principal
components. Even deep learning — the use of neural networks to perform ML — was already applied at
ECMWF for the emulation of the radiation scheme more than two decades ago [1,22]. It may therefore
surprise that many claims that we have seen an ML “revolution” during the last couple of years. What
happened? Beyond the domain of Earth system science, Al and ML have seen an enormous rise that was
mainly fueled by:

* A massive increase in computational power with computer hardware customized towards the needs
of deep learning, and deep learning being the ideal application for state-of-the-art supercomputers that excel
for simple arithmetic and linear algebra.

» The exponential increase of data in many domains — including weather and climate — and the
ability of deep learning to learn systems of arbitrary complexity if enough data and compute capacity are
available.
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* The availability of software libraries such as TensorFlow and PyTorch that allow a user to create
complex deep learning architectures with very minimal Python code.

» The massive amount of experience that was collected on how to design efficient deep learning
methods with new neural network architectures and training procedures being invented, including
convolutional neural networks, recurrent neural networks, generative adversarial networks, attention and
transformers, and diffusion networks

It became more obvious around 2018 that the developments in general machine learning would also
impact data assimilation and Earth system modelling. Early success stories across ECMWE’s workflow
included the use of neural networks for SMOS soil moisture data assimilation for the land surface [21,22]
and the use of neural networks for bias correction learned within the 4D-Var data assimilation framework
[21. Deep learning has been used successfully for the emulation of the gravity wave drag parametrization
schemes [22], and the deep learning emulators could be used to generate tangent linear and adjoint model
code for 4D-Var data assimilation. Furthermore, decision trees have been used for the post-processing of
ensemble predictions for precipitation, and there have been plenty of links and similarities between data
assimilation and deep learning. As ECMWF hosts more than one exabyte of weather and climate data, there
were plenty of possible application areas for versatile, scalable tools that allow the extraction of complex
information from data — such as deep learning. The potential applications were distributed across all parts of
the numerical weather prediction (NWP) pipeline, from observation processing [22 to data assimilation, to
the forecast model and the post-processing and dissemination of the forecasts. These included methods to
improve our understanding of the Earth system such as unsupervised learning and causal discovery,
uncertainty quantification, and Al powered visualization; methods to speed-up conventional models such as
emulators for parametrization 3 schemes including with low numerical precision, the optimization of the
high performance computing (HPC) and data workflow, and data compression; methods to improve the
models such as bias correction tools, tools for quality control of observations, feature detection algorithms,
and the learning of model components from observations; and methods that linked different datasets to
weather and climate datasets that have interesting applications for health, energy, transport and pollution
applications, as well as for extremes such as wildfires or flooding.

Machine learning scientists and Earth Science domain scientists often follow a different philosophy.
The former tends to solve data science problems that optimize for specific goal functions (e.g. the reduction
of Root Mean Square Error of precipitation at 48-hour lead time), while the latter aim to improve and
validate models with physical understanding and checks for physical consistency (e.g. conservation laws or
process feedbacks). Domain scientists are sometimes defensive regarding the establishment of machine
learning as they consider the new capabilities as a threat rather than as an extension of their toolbox. This
makes communication and collaboration difficult, but it also represents a barrier for the uptake of machine
learning solutions by domain scientists who do not trust black box approaches that do not offer physical
understanding. This is in particular the case as many of the machine learning architectures that are currently
applied have been developed for other domains such as image recognition and do not allow for the
introduction of domain knowledge into solution design. There is a risk that solutions for specific applications
will be developed in parallel with no synergies between domain scientists on the one side and machine
learning scientists on the other.

The hybrid approach

Machine learning can be used to better estimate some components of NWP, and to estimate model
error. This is true for the process of establishing the best possible starting conditions of forecasts, called data
assimilation, but also for forecasts themselves.

Aspects of the Earth system, such as sea ice, snow, soil and vegetation, are hard to model from pure
physics, so in practice, the modelling can be quite empirical. In such cases, there is great potential to let the
observations increasingly define the models. It is more likely to achieve the best results by carefully
combining known physics with empirical and ML components, rather than throwing away physical models
entirely.

There are also some predictable model errors which we can estimate and remove from data
assimilation and subsequent forecasts using ML. Weather and climate reanalysis can benefit from ML, too.
For example [22], for ECMWE’s next reanalysis, ERA6, an ML model error correction method developed
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for the period from 2006 (Fig.2), which is rich in satellite observations, will be applied to earlier, data-sparse
periods.
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Fig.2. The variable corrections of near-surface temperature tendencies per hour, established by machine
learning, that are going to be applied in the data assimilation system from 2025, compared to constant
tendency corrections. The constant tendency correction includes small changes for every 12-hour
assimilation window. (Time series courtesy of Patrick Laloyaux, ECMWF).

ECMWF made tremendous progress in the last 18 months or so in building such a system, called
the Artificial Intelligence Forecasting System (AIFS). This is the result of decisions by our Member States
on investments, the motivation and dedication of our staff, and collaborative efforts with partners. The AIFS
uses Copernicus climate reanalysis and weather analysis for training, and it relies on IFS initial conditions,
so it is not entirely divorced from traditional techniques. But it makes forecasts just on the basis of ML.

This year, ECMWF has lowered the grid spacing of the AIFS from 100 to 28 km, and it will go down
further. This compares with a grid spacing of currently 9 km for the IFS., ECMWF has also built a first AIFS
ensemble system, in which a number of slightly different forecasts are made for each time in the future to
scan the possible scenarios and thus enable the estimation of uncertainty. These forecasts have been added to
our chart’s web page, and they are available as open data.

ECMWF is looking at sub-seasonal timescales, up to 46 days ahead, and at the addition of various
Earth system components. There are also plans for AIFS forecasts of hydrology and atmospheric
composition., ECMWF is collaborating in an ECMWF ML pilot project with Member and Co-operating
States, taking part in a EUMETNET Al initiative. This will help us to compare different approaches, at
different timescales and resolutions. The collaboration with our Member and Co-operating States is also key
to the development of a platform called Anemoi, which will enable users to build their own ML models

(Fig.3).
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Fig.3. The continuous ranked probability score (CRPS — lower is better) measures the quality of ensemble
forecasts. Here we show it for 850 hPa temperature, with results for the IFS ensemble (IFS ENS - red) and
for the experimental AIFS ensemble (AIFS ENS — blue). Scores are aggregated over the northern hemisphere
extratropics and approximately a five-month period.

Over the last year, ECMWF has started a radically new approach to weather prediction: the
production of weather forecasts directly from observations. Physics-based data assimilation relies on some
assumptions, such as a perfect knowledge of model and observation errors, and of the link between the
model and observations. The new approach tries to circumvent these aspects of conventional data
assimilation.
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It means that observations do not need to be mapped to a fine grid of unmeasured parameters. It also opens
up the possibility of exploiting the information content of exciting new observations. This Al-Direct
Observation Prediction (Al-DOP) project involves a neural network trained to predict future observations
from long historical records of past observations (Fig.4.) [22].

In this new approach, we effectively use observations to forecast future states of the atmosphere
learned directly from the observations themselves. First results are very promising, but this approach is still
experimental.
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Fig.4. An example of forecasting future observations with Al-DOP. We show infrared window channel
brightness temperatures (in Kelvin), measured by the Infrared Atmospheric Sounding Interferometer (IASI),
predicted one and four days ahead. The left column shows the predicted values and the right column real
radiances measured one and four days later. This channel is very sensitive to atmospheric cloud structures,
and we can see that AlI-DOP produces very plausible forecasts of the evolution of the large-scale weather
patterns, although they are rather smoothed with the current low-resolution experimental system. The
rectangles highlight some of the more conspicuous weather patterns that are predicted well.

M

ML in NWP and climate services

While some of the applications from Machine Learning in Earth system sciences are conceptually
close to the use of machine learning methods in other domains (such as the detection of tropical cyclones in
model output which can be formulated as an image recognition task), many will require customized machine
learning solutions. Physical fields, for example, are often stored on unstructured grids on the sphere which
do not allow for a simple application of convolutions in space or time which are a core element of many
machine learning approaches. While the vertical dimension of atmosphere models is structured, the physical
fields still show very different dynamics close to the surface and at the model top, which will, again, make it
difficult to apply standard convolution approaches [1, 23]. Furthermore, physical fields need to follow
physical constraints such as conservation laws or a limit to positive values

The training of machine learning tools requires data. As the complexity of machine learning tools
can be increased arbitrarily, the only limits for the accuracy of machine learning methods are the amount of
data that is available for training and the limits of the computational and data handling infrastructure. More
data allow more sophisticated machine learning solutions to be designed. Machine learning users will
therefore show a different and more greedy data access pattern when compared to conventional users,
towards larger and more selective data access (e.g. retrieving a single field over a specific area of the globe
for a long period of time). This generates a significant challenge for data centers such as ECMWF as data
production and use is already growing fast for the conventional workflow.

When compared to conventional methods in NWP and climate services, machine learning requires a
different set of tools regarding both software and hardware. Most Earth system models are still based on
Fortran code and are typically run on CPU-based supercomputing hardware. On the other hand, machine
learning tools are typically based on Python code and Python libraries as well as Jupiter notebooks and are
trained and used most efficiently on GPU hardware. Most of the computational cost for supervised learning
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is generated by the training of the machine learning tool, while the application of the tool (the “inference”) is
typically very cost efficient. As part of the code refactorization to improve portability, models are now being
rewritten into domain-specific languages and in some cases also Python or Julia code [22], including the
Finite Volume version of the ECMWEF Integrated Forecasting System (IFS-FVM). However, it will still take
a couple of years until these developments reach a large fraction of domain scientists.

Earthkit

ECMWEF has also developed Earthkit, a modular Python ecosystem that provides consistent tools for
retrieving, manipulating and analyzing Earth system data. Earthkit builds on the principles used in
ECMWE’s operations, ensuring that users preparing Al training datasets benefit from the same reliability
and transparency that underpin ECMWF’s daily forecasts (Fig.5.) [22].
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Fig.5. Machine learning pipelines: optimal performance relies on placing large datasets close to Graphics
Processing Units (GPUs) within HPC environments, ensuring efficient machine learning workflows.

Anemoi: a shared European framework for Al weather prediction

While datasets and processing tools are essential, the rapid progress in Al weather forecasting across
Europe is also due to shared software frameworks that support collaboration.

A major reason Europe has advanced so quickly in Al-based weather and climate prediction is the
emergence of Anemoi, a jointly developed, open-source framework created by ECMWF together with
several national meteorological services. Anemoi provides a coherent, shared foundation that supports the
full lifecycle of developing machine learning models, from data preparation to model training, inference and
operational use.

At its core, Anemoi offers three essential capabilities (Fig.6):

e Al-ready datasets: production, cataloguing and distribution of more than 150 curated training
datasets derived from ERAS, operational ECMWF data, satellite and in situ observations, and
Member State archives. These datasets are prepared using domain expertise and deployed across
multiple HPC systems across Europe.

e Training and ML operations: tools for large-scale, distributed model training, experiment tracking
and workflow reproducibility, enabling consistent development across institutions and HPC
environments, including the world-class EuroHPC supercomputers.

e Inference and applications: components that support scalable model execution for weather and
climate applications across both timescales and spatial scales. Examples include nowcasting,
limited-area ML models, ECMWF’s own Artificial Intelligence Forecasting System (AIFS) and the
Al Earth system components and climate emulator developed within the Destination Earth initiative
of the European Commission.
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Fig.6. Overview of the Anemoi pipeline, from datasets through core components — training, models, and
graphs — to inference [22].

By providing an end-to-end, operationally aligned framework, Anemoi enables ECMWF and its
Member States to build, operationalize and improve Al models in a consistent way. This shared framework
ensures the rapid progress in Al prediction, while ensuring transparency, scientific robustness and a clear
pathway from research to operational implementation."

In 2025, Anemoi received two major international recognitions. It was awarded the Technology
Achievement Award by the European Meteorological Society (EMS) for its collaborative approach to
machine learning, and also the 2025 HPC wire Readers’ and Editors’ Choice Award for “Best Use of Al
Methods for Augmenting HPC Applications”.

AIFS: operationalizing Al models

ECMWEF’s Artificial Intelligence Forecasting System (AIFS), which is operationally run daily since
2025, demonstrates how machine learning models can be integrated into a rigorous operational environment.
Running the AIFS alongside the Integrated Forecasting System (IFS) allows ECMWF and its Member States
to:

o evaluate Al forecasts with established verification methods,

e analyze strengths and limitations under diverse conditions, and

e explore the complementarity of physics and machine learning forecasting approaches.
This side-by-side exploration ensures that emerging Al methods can be assessed transparently and
responsibly, in line with ECMWE’s commitment to scientific trust, quality, and reliability (Fig.7).
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Fig.7. The ERAS Blueprint illustrates the journey from raw Earth observations to next-generation Al weather
forecasts. Credit: generated by Notebook [22].
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Interest in Al-enabled forecasting is growing, with ECMWEF, national meteorological services,
research institutes and private actors exploring applications from post-processing and downscaling to
nowcasting and regional and global prediction. One example is the recent operationalization of AICON by
the German Meteorological Service (DWD) utilizing Anemoi.

Building on shared foundations such as ERA5, Earthkit and Anemoi allows ECMWF and its
Member States to develop these methods in a consistent way, supporting joint approaches to model
development and evaluation.

This collective momentum is one of Europe’s strengths, helping establish a coherent and
scientifically robust pathway for Al-enabled weather prediction, strengthening the capacity of the European
meteorological infrastructure.

These digital representations combine EO data with advanced modelling frameworks to simulate
environmental processes and explore future, “what if”, scenarios. Using high-performance computing,
machine learning, and satellite data, the digital twins of Destination Earth (DestinE) combine Earth
Observation data with numerical models and Al techniques to simulate the behavior of the Earth system and
explore possible future scenarios [21].

The WEKEO DIAS provides Earth Observation datasets coming from many different services
(and allows all users to download data for free.

Another question about the future of ML for Earth system modelling is whether the domain will
follow the developments of large language models (LLMs) towards larger and more generic ML tools that
can then be used for multiple application areas — so-called foundation models. LLMs are trained to fill in
gaps in huge amounts of text, rather than for a specific task such as the translation from language A to
language B. The resulting tools can be used for diverse tasks beyond their training objective, along this line,
it may be possible that a foundation model trained from various Earth system datasets and with a huge latent
space with many billions of trainable parameters may perform better in certain tasks when compared with a
task-specific model. To explore foundation models for weather and climate applications, ECMWF and a
number of Member States have started the Weather Generator EU Horizon project that will build such a
foundation model and serve as an additional digital twin for Destination Earth [21].

The Weather Generator will serve as foundation model for weather and climate applications. It will
be able to digest datasets from various sources, including observations, local and global analysis products,
and local and global models, and will be useful for many different application domains in weather and
climate science. The input and output of the Weather Generator can be local or global, at a resolution
between 100 m and 100 km, and can be in the past, present and future. Figure 8: Showing the evolution of
24-hour rainfall forecasts on 16 April 2024 over the grid box including Dubai. The model climate is about
zero precipitation, with a maximum of less than 25 mm based on 1,800 forecasts (marked by the black
triangle). Experimental versions of AIFS Single (blue dots) and AIFS Ensemble (green box and whisker)
models both predicted precipitation values well-outside the model climatology and values in line with the
IFS ensemble (blue box and whisker). All systems underestimated the observed value (purple hourglass).
Data is obviously a key ingredient in accurate forecasting using physics-based approaches. We view that the
role of data will grow even larger with the rise of data-driven forecasting. Curating large, calibrated datasets
will be vital to feed these models. Direct incorporation of surface observations into model training and
inference will increase the value of sharing these datasets. Novel data sources, e.g. cameras measuring
visibility, could be directly included in model pipelines.

Conclusion

Big Data and Artificial Intelligence greatly enhance weather forecast and climate assessment as in
spatial-temporal scale as accuracy. The Machine Learning methods are successfully used in prediction of
dangerous hydrometeorological events, such as drought [23], flooding, frost, etc. These methods became
more and more accurate due to Earth Observing Satellite data and computing facilities. The best way to
achieve more accuracy is enhancement of those ML models by learning them physical lows. These includes
microphysical processes, thermodynamics and also quantum electrodynamics, due to cosmic weather events
[14]. Hybrid approach together with space weather prediction will be able to handle weather forecasting gaps
and difficulties.
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356549660 Lfjog¢0gds s 30dM0EMEo BoEMT7d0 5dobEls s
30d5@do

9. Bd9B00d30(0, 5. B5eM5356¢000300
9owdy

3003530l (33w0wgds  9ghm-ghmo  dbodzbgumzsbalio  yarmdomMo  odmfgggzss,  MMIOol
3MM353 (300090905, 3969060030 oMgIML 202905 Lbryew Meém  d60dzbgermgsbo  bgds
303530l (33€0qd0l  bgaodowm®  Hgdmddggdols s bmMM3magbme  Bghimwsby
95200900Lm30L,  sbgzg o0 Fysebg, 9bIMYIAHOZM™ s LOELWELsMM  MLsBROMbMYdSDBY,
0b6x3MLEHOJGHMOSDY, 90530560L K IBIOMGWMBSLS s dBIdM03 LoRMmMbYgdby. bsd@mddo
2396bomos 3564960 Bfogergdols go8myggbgds sdobls s 3wods@do, dobo dgdymdo
29630050905 ©@> ECMWF-0b bsgdosbmds s domfg3gd0 356456960  Lfsgwrgdol/bganmgbmmo
0b@ogwgd@ol  dgomgdol  dgddbsdo o  edmygbgdsdo. gl sbggg 9603369 m3zs60
06@9m0L303e0bsMmo 25dmfj39359, MMIgerol dmogsgl momgdol yggwrs bsdgabogdm LggMm.
bgemgzbm™o 063 gwgdBHobs s 396496mMo  Lfogergdol (AI/ML) 8303530900 dmgrm OML
RBIOOMO  3O3MEICES  Y3gws  bxggmmbo.  3obJobmé  Logargdsl  gwdeos 20009 dx mdgLml
2390003900 3m33mbgbEHIOOL ©sBsBHId0m b 3MHMEgLOL Bmaoghmo bsfowols Bsbssgargdom. gL
3MOL 0b, ML ,,300MHO0E“F0EAMASL fiMmgdgb. Lodsr0gHm, 356J56w® LFsgwgdsl (ML) sbggg
3999005 800sbs  Bosbo33wml 9o MEIEO  JOEOWIGO00  EIVIWO  FOTMMZOMO
bsOXJO0m. oM@ 5F0Ly,  bgErmzbm®o  0bEgagdEo/dsbdobmeo  Lfsgwrgds  (AI/ML)  bubol
39633979 aBHgdlL Lbgs 3MMmEgLYddo, MHMAMMOESS  FYswOEM™MdOL  3MMABMBoMYds, bsbIGMOL
LSGFOPLOL  3OMYbMHBOMYGdS, 33060390900l  JmboBHMm®mobyo, L39M3Ma30mEHIMOL TsGmgs 96
dmIbToMm90@0L 25dMEEOWGIOL 45X MdI9dS.
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MainnHoe o0yuyeHHe U THOPUAHBIE MOAXO0AbI B NOr0/ie U KiuMare

M. TatumBuian, A. IlajaBanauIIBUIN
Pe3iome

W3menenue knmuMata sBISETCS OJHOW W3 HamOosiee 3HAYMUTENBHBIX TJIOOANBHBIX MpPoOieM, TpeOyromux
pemenus. [loHMMaHNe MPUPOAHOW CpeAbl MpHOOpeTaeT Bce Oouiblliee 3HAUCHHWE AJISl PearupoBaHus Ha
HETaTHBHBIE MOCIEACTBUS U3MEHEHHS KIMMaTa U aHTPOIOT€HHOE JIaBJIEHHE Ha OrpaHUYEHHbIE IPUPOAHBIE
pecypchl, a TakKe Ha MX BIUSHHE Ha BOJHYIO, SHEPTeTHUECKYIO0 M IPOJOBOIBCTBEHHYIO 0€30MacCHOCTH,
WHPPACTPYKTYpy, 3[JOpPOBbE UEIOBEKa M CTUXUHHBIE OeacTBUS. B cTaThe paccMOTpeHO NpUMEHEHHE
MAIIMHHOTO OOy4YeHHWs B IOroJe M KIMMare, €ro JajbHeHIlee pa3BUTHE, a TaKKe AEATENbHOCTh U
IocTwkeHuss EBporetickoro 1enTpa u3ydenus moroas! u knmumara (ECMWF) B co3manny u IpuMEHEHHH
METOJI0OB ~ MAaIIMHHOTO  oOydeHus/uckyccrBeHHoro  wuwHremwiekra (MM). Drto  Takke  BakHas
MEXIUCUUITMHAPHAS 3a/1a4a, 3aTparuBarollas Ho4YTy Bce Hay4Hble obnacTu. [IpuMeHeHne HCKyCCTBEHHOTO
WHTEUIeKTa W MammHHOTO 0o0yuenus (MM/MO) B mocnemnee BpeMs IMIHPOKO PACIPOCTPAHUIOCH BO BCEX
oOmactsax. MammHHOE 00ydeHHe MOXKET yIyUIINTh HAIlld BEIYUCIICHUS, T00aBIIsIsl KOMIIOHEHTHI UITH 3aMEHAA
HEKOTOpBIE YacTH Ipolecca. ITO Ha3bIBaeTCs «THOPUAHBIMY Moaxo oM. Kpome Toro, MammHHoe o0yueHue
MOJKET TOJHOCTBIO 3aMEHHUTH BCIO MOJENb, MPHU 3TOM 3HAYUTEIBHO CHHU3HMB BBIYMCIHUTENbHBIC 3aTPATHL.
[Homumo storo, MM /mammuHOEe 00y4ueHHE OTKpPHIBA€T HOBBIE BO3MOXKHOCTH B JIPYTHIX OOJIACTSIX Hareil
NEeSITeTbHOCTH, TAaKUX KaK IPOrHO3MPOBAaHHE HABOJHEHWH, IMPOrHO3MPOBAHUE IOKApHOI ONacHOCTH,
MOHHUTOPHHT HaONIOJIEHUH, YIpaBICHHE CYIIEPKOMITBIOTEPOM WM YIYUIICHUE MOJIb30BATEIECKOTO OMbITA.

KaroueBbie ciioBa: bomnbiine paHHble, MamlMHHOE OOydeHHe, HedponHble cetdH, CEMS (MOHUTOpUHT
KIMMaTa U OKpYXamoLleW cpelpl M3 KOCMOca), CUCTEMa IPOTHO3UPOBAHMS Ha OCHOBE HCKYCCTBEHHOI'O
naTeniekra ECMWF (AIFS), ruGpunHbIil TOIXo.
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