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Abstract

Renewable electricity generation is projected to grow significantly as the transition to
sustainable energy sources accelerates in response to climate change. While the environ-
mental benefits of this shift are clear, the increasing reliance on intermittent renewable
resources poses new challenges to their efficient integration into the power grid. The en-
ergy output of solar panels and wind turbines, leading renewable technologies globally,
is entirely dependent on weather conditions, which are inherently variable and difficult
to predict. This uncertainty complicates the accurate forecasting of renewable energy
profiles, making it challenging for energy traders to optimally place their bids on the mar-
ket. As a result, grid stability becomes harder to maintain, and suppliers risk financial
penalties for failing to meet supply commitments. Currently, Numerical Weather Pre-
diction (NWP) models, particularly the Integrated Forecasting System (IFS) operated by
the European Centre for Medium-Range Weather Forecasts (ECMWF), are considered
the gold standard in weather simulation. However, in recent years, the field of Machine
Learning Weather Prediction (MLWP) has emerged as a promising area of research due
to its potential for improving prediction accuracy and efficiency. This thesis evaluates
GraphCast, a machine learning-based forecasting tool developed by Google DeepMind,
against ECMWF’s IFS. The research specifically focuses on predicting wind speed and
temperature—key factors influencing wind and solar energy outputs—by deploying one
of GraphCast’s publicly available pre-trained model versions. The performance of both
models is assessed by comparing six months of forecasts with actual measurements from
six SYNOP stations across Italy. Results show that GraphCast generally achieves accu-
racy comparable to IFS, demonstrating greater stability over time, with less degradation
in predictive performance for extended forecasts. These findings highlight the potential
of MLWP to complement or even enhance traditional numerical models in specific appli-
cations, particularly in long term forecasting. As weather prediction plays a pivotal role
in optimizing renewable energy trading, the continued advancement of ML-based fore-
casting systems such as GraphCast is critical to shaping a cleaner, more resilient energy
landscape aligned with global climate goals.
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Chapter 1

Introduction

1.1 Renewable Energy Transition: A Strategic and Ur-
gent Response to Climate Change

The transition from fossil fuels to sustainable energy sources is gaining momentum as part
of global efforts to reduce greenhouse gas emissions and prevent severe climate change.
As shown in Figure 1.1, electricity and heat generation represent the largest contributors
to global greenhouse gas emissions, followed by transport, manufacturing, construction
(mainly cement and similar materials), and agriculture [1]. In 2023, global energy-related
CO2 emissions reached a record 37.4 billion metric tons [2], underscoring the urgent need
for decarbonization in this sector to achieve climate goals. According to the International
Energy Agency’s (IEA) report ”CO2 Emissions in 2023” [2], energy-related emissions
increased by 1.1% compared to 2022. However, the growth of clean energy technologies
has played a critical role in mitigating what could have been a more substantial rise [2].
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Figure 1.1: Greenhouse gas emissions by sector, World [1]

The IEA outlines these challenges and solutions in its report ”Net Zero Roadmap: A

Global Pathway to Keep the 1.5 °C Goal in Reach” [3]. This report translates the Paris

Agreement's critical goal of limiting global warming to 1.5 degrees Celsius (°C) into a

concrete road map for the global energy sector. In [3], the IEA identi�es the tripling of

renewable energy capacity as the single largest driver of emissions reductions by 2030

in the Net Zero Emissions (NZE) by 2050 scenario. As shown in Figure 1.2, which

illustratesCO2 emissions reductions by mitigation measures in the NZE by 2050 scenario,

the largest cumulative emissions savings come from wind and solar photovoltaic (PV),

followed by advancements in energy ef�ciency and electri�cation.
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Figure 1.2: CO2 emissions reductions by mitigation measure in the Net Zero Emissions
by 2050 Scenario, 2022-2050 [3].Activity = energy services demand changes from economic
and population growth, CCUS = Carbon Capture, Utilization and Storage.

In addition to the urgent environmental drivers, the economic case for renewables is

now stronger than ever. As renewable technologies become increasingly cost-effective,

they accelerate the transition to cleaner energy sources. In its report ”Renewable Power

Generation Costs in 2023” [4], the International Renewable Energy Agency (IRENA)

states that ”renewable power generation has become the default source of least-cost new

power generation”. The global weighted average cost per unit of electricity from new

solar PV and onshore and offshore wind power plants has fallen steadily year on year and

is now signi�cantly lower than that of fossil fuel-�red power plants. This cost evolution

is shown in Figure 1.3 which illustrates the change in global weighted average Levelized

Cost of Energy (LCOE)1 for solar and wind compared to fossil fuels from 2010 to 2023.

In 2023, the LCOE for new utility-scale solar PV installations was 56% lower than the

weighted average of fossil fuel alternatives, having been 414% more expensive in 2010.

For new onshore wind projects, the LCOE was even lower - 67% below the fossil fuel

equivalent.

1Levelized cost of energy (LCOE) is a measure of the average net present cost of electricity generation
for a power plant over its lifetime.
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Figure 1.3: Change in global weighted average LCOE for solar and wind compared to
fossil fuels, 2010-2023 [4].RE = Renewable Energy, Concentrated solar power = mirrors or
lenses to concentrate sunlight, generating heat for electricity production.

To fully understand the impact of these cost reductions, consider that ”new renewable

capacity added since 2000 is estimated to have reduced electricity sector fuel costs by at

least $409 billion in 2023 alone” [4]. IRENA's 2023 report highlights the growing com-

petitiveness of renewable energy technologies compared to carbon-based ones, despite

fossil fuel prices returning to historical cost levels.

The urgent need to address climate change and the growing economic advantage

of power generation from renewable energy sources are accelerating the transition to a

renewable-based electricity sector. As a result, renewable power generation is poised for

signi�cant growth, paving the way for a cleaner, more resilient energy landscape that

aligns with global climate objectives.

1.2 Forecasting Uncertainty in Renewable Energy Out-

puts: The Challenge of Weather Prediction

The ef�cient integration of solar PV and wind is critical to the NZE by 2050 scenario, as

their share in total power generation in most regions reaches levels in 2030 seen only in a

few countries today [3]. As shown in Figure 1.4, according to the NZE by 2050 scenario,

solar PV and wind will lead the decarbonization of the electricity sector, becoming the

largest sources of power by 2030.
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Figure 1.4: Total installed capacity and electricity generation by source in the Net Zero
Emissions by 2050 scenario, 2010-2050 [3].GW = GigaWatts, TWh = TeraWatts hours.

However, despite the clear environmental and economic bene�ts, integrating this in-

creased installed capacity into existing electrical systems and markets presents signi�cant

challenges. These arise primarily due to the inherent uncertainty of predicted renewable

energy outputs, as production from renewable energy systems can be dif�cult to forecast

accurately. One of the key advantages of traditional coal and gas power plants is their reli-

ability, as they provide a highly �exible supply of electricity around the clock. In contrast,

the energy output of solar panels and wind turbines, leading renewable systems globally,

entirely depends on weather conditions, which are inherently variable and challenging to

predict [5].

The challenge of weather forecasting itself has deep historical roots, dating back to an-

cient civilizations, evolving gradually from simple observation of natural signs to a more

scienti�c approach. The formalization of weather prediction as an initial value problem

can be traced back to the early 20th century, when meteorologist Vilhelm Bjerknes [6]

made signi�cant strides in understanding the dynamics behind weather systems, laying

the foundation for modern meteorology. The �rst step in any weather forecast is to gather

a large amount of data from various sources to create the most accurate possible repre-

sentation of the current state of Earth's atmosphere and surface (land and oceans) weather

conditions. Real-time atmospheric, ocean and land-surface data are gathered from a coor-

dinated network of individual surface- and space-based observing systems. This network

includes radiosondes, satellites, buoys, radars, SYNOP2 stations, as well as aircraft and

ships, all designed to measure temperature, humidity, pressure, precipitation, wind, solar

radiation, and other variables (see Figure 1.5). However, despite this advanced network

2SYNOP stands for SYNOPtic observations, a global network of ground-based meteorological stations
that provide standardized weather reports at regular intervals.
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of meteorological observation stations, the data collected is always limited—spatially and

temporally—due to the vastness of the Earth's atmosphere and the unpredictability of

weather patterns.

Figure 1.5:ECMWF Data Collection Network. Visualization of the extensive observational
network used by the European Centre for Medium-Range Weather Forecasts (ECMWF), one of
the leading organizations in global weather prediction.Credit: Andrea Montani, ECMWF.

According to Bjerknes [7], accurate weather prediction relies on two key elements:

1. Initial conditions must be characterized as accurately as possible.

2. The intrinsic laws governing atmospheric dynamics, which dictate how subsequent

states evolve from previous ones, must be known.

Final forecasts of future atmospheric states are obtained by feeding the initial data

into a model that approximates atmospheric dynamics [8]. This stands as the core chal-

lenge to accurate weather forecasting, as the atmosphere ranks among the most complex

physical systems on Earth [9]. Building a model that can simulate the physical processes

governing Earth's weather is a complex task that remains the focus of active research. As

a result, weather forecasts are inherently uncertain, never reaching 100% accuracy due

to the current inability to precisely translate the chaotic nature of the atmosphere into a

model simulation, along with the limits of data availability.

One of the main obstacles to the ef�cient integration of renewables as a major source

of electricity generation lies in this uncertainty, which directly affects the accuracy of

predicted renewable energy pro�les. Inaccurate forecasts of energy production hinder

the ability of traders to participate effectively in the market, which in turn complicates
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network management and increases the risk of �nancial penalties. The following section

delves further into these dynamics and their impact on market operations.

1.3 The Role of Accurate Forecasting in Managing Grid

Stability and Energy Trading Operations

In the wholesale electricity market, producers submit bids to sell electricity based on their

anticipated output, and consumers submit bids to buy electricity based on their expected

needs. These bids are matched, and transactions are settled at a market price (Figure 1.6).

Figure 1.6: Flowchart of Wholesale Electricity Market Transaction Process

However, actual electricity production and consumption may differ from the fore-

casted amounts bought and sold on the market. When forecasts are inaccurate, grid

management, a task performed by the Transmission System Operator (TSO), becomes

increasingly complex. This added complexity can lead to penalties for producers who fail

to meet their declared energy output, as imbalances—whether from under- or overpro-

duction—affect system operational ef�ciency.

The electrical grid is an intricate network of power plants, transmission lines, sub-

stations, and distribution systems that deliver electricity from producers to consumers.

For the grid to function reliably, it must remain in balance — meaning the amount of

electricity generated must match the amount consumed at any given moment. Any imbal-

ance, whether due to excess supply or demand, can lead to instability, potentially causing

blackouts or equipment damage. Maintaining this balance is crucial, and it requires real-

time adjustments to keep the frequency and voltage within safe limits, a task managed by
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the TSO. If a producer generates less electricity than forecasted, they must purchase the

shortfall from the TSO on the balancing market, where the imbalance price may be higher

or lower than the market price for which they were originally paid.

When the system is subject to an energy surplus (i.e. long on energy), the imbalance

price is typically lower than the market price, allowing the producer to buy the missing

energy at a lower cost and make a pro�t. Conversely, if the system is experiencing an

energy de�cit (i.e. short on energy), the imbalance price will be higher than the market

price, leading to a loss, as the producer must buy the shortfall at a higher price than what

he was originally paid.

On the other hand, if the producer generates more electricity than forecasted, the TSO

buys the surplus at the imbalance price, which also �uctuates based on the system's bal-

ance. When the system is long, the imbalance price is lower than the market price, causing

the producer to sell their excess energy at a loss. If the system is short, the imbalance price

is higher, leading to a pro�t for the producer, as they are paid more than they would have

been on the market. These imbalance scenarios, along with the associated losses and

pro�ts for electricity producers, are summarized in Figure 1.7.

Figure 1.7: Imbalance Scenarios: Losses and Pro�ts for Electricity Producers

Essentially, producers bene�t �nancially when their output helps the TSO balance the

grid — generating extra energy when the system is short, or producing less during sur-

plus conditions. Conversely, they face penalties when their production complicates the

TSO's balancing job, such as producing less in de�cit conditions or generating excess

energy in a surplus. Thus, improving the accuracy of forecasted energy pro�les is cru-

cial as electricity generation incrementally relies on renewable energy sources. Increased

prediction reliability would allow suppliers to position themselves more effectively in the
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market, assisting the TSO in maintaining grid stability and better managing the risks and

opportunities in renewable energy trading [5].

1.4 Investigation Scope

This thesis evaluates the accuracy of weather forecasts generated using a pre-trained ver-

sion of the GraphCast model, outsourced by DeepMind, and compares them against

ECMWF's IFS forecasts. The focus is on predicting wind speed—a critical parameter

for predicting wind energy production—and temperature, which directly in�uences the

energy output of both wind turbines and solar panels. Model deployment was carried

out during an internship at a renewable energy trading company, where accurate weather

forecasts are crucial for predicting energy outputs on which market bids are based. By

leveraging open-source data, pre-trained models, and publicly available code, this study

aims to showcase a cost-effective and replicable implementation of GraphCast within an

operational framework. Ultimately, this work seeks to assess GraphCast's performance

and demonstrate its practical application in generating accurate weather predictions under

real-world constraints for industries reliant on renewable energy.

Chapter 2 explores the two major approaches to medium-range weather forecasting,

which involves predicting atmospheric variables up to 10 days in advance. This chapter

starts with the foundational principles of Numerical Weather Prediction (NWP) and a gen-

eral description of ECMWF's Integrated Forecasting System (IFS), which currently serves

as the benchmark for traditional NWP. It then introduces Machine Learning Weather Pre-

diction (MLWP) placing special emphasis on GraphCast, a global medium-range weather

forecasting system developed by Google DeepMind in 2023 that leverages machine learn-

ing. This last section provides an overview of GraphCast's key features, including its

autoregressive forecast generation process and innovative Graph Neural Network (GNN)

architecture, and the detailed training process behind the system.

Chapter 3 provides an account of the methodology used to implement the selected

pre-trained version of the GraphCast model, including the forecast generation process. It

outlines the collection of initialization data and the key modi�cations made to the publicly

available demonstration code to enable long-range operational forecasting.

Chapter 4 presents a comparative evaluation of six months of forecasts from both

GraphCast and IFS, benchmarked against observational data from six SYNOP stations

across Italy—covering various geographic regions. To assess the performance of both

models, statistical metrics such as Pearson's correlation coef�cient, Root Mean Square

Error (RMSE), and Mean Absolute Percentage Error (MAPE) are employed.

Chapter 5 concludes with a discussion of the �ndings and insights drawn from this

analysis.
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Chapter 2

Evolution of Weather Forecasting:

From Numerical Models to GraphCast

The following chapter begins by illustrating Numerical Weather Prediction (NWP), the

traditional approach to weather forecasting, with a focus on its most advanced practi-

cal application: ECMWF's Integrated Forecasting System (IFS), currently considered

the leading model in the �eld. It then explores Machine Learning Weather Predic-

tion (MLWP), an area of growing research with signi�cant potential. The last section

delves into GraphCast, a machine learning-based weather forecasting system developed

by Google DeepMind in 2023, which was used to obtain the forecasts center of this re-

search.

2.1 Numerical Weather Prediction and the Integrated

Forecasting System

Numerical Weather Prediction (NWP) models are based on systems of Partial Differen-

tial Equations (PDEs) that govern the evolution of the atmosphere [6]. These equations

describe �uid dynamics [11], which are derived from the fundamental conservation laws

of momentum, mass, and energy. Speci�cally, they illustrate how �uid substances, in-

cluding air, respond to changes in factors such as pressure, temperature, and density. As

a result, they serve as a fundamental tool for simulating wind patterns, precipitation, and

other weather phenomena. The set of universal equations for NWP, commonly known as

the primitive equations, includes [6]:

1. Newton's second law of motion or conservation of momentum, corresponding to

�uid velocity in the x, y, andz directions (u, v, andw components)1, collectively

1u, v, andw represent the velocity components along thex (east-west),y (north-south), andz (vertical)
directions, respectively, with units of m s� 1.
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known as the Navier-Stokes equations,

d~V
dt

= � � ~r p � ~r � + ~F � 2~
 � ~V (2.1)

where~V = ( u; v; w) is the velocity vector (m s� 1), t is time (s),� is the speci�c

volume (m3 kg� 1), p is the pressure (Pa),� is the geopotential height (m2 s� 2), ~F is

the friction force per unit mass (m s� 2), and~
 is the Earth's angular velocity vector

(s� 1).

2. The continuity equation or conservation of mass,

@�
@t

= � ~r � (� ~V) (2.2)

where� is the air density (kg m� 3).

3. The equation of state for ideal gases,

p� = RT (2.3)

whereR is the gas constant (for dry airRd � 287:05 J kg� 1 K � 1) andT is the

temperature (K).

4. The �rst law of thermodynamics or conservation of energy,

Q = Cp
dT
dt

� �
dp
dt

(2.4)

whereQ is heating per unit mass (J kg� 1), andCp is the speci�c heat capacity at

constant pressure2 (� 1004J kg� 1 K � 1 for dry air).

5. A conservation equation for water mass,

@�q
@t

= �r � (� ~V q) + � (E � C) (2.5)

whereq is the water vapor mixing ratio (kg kg� 1), andE andC represent evapora-

tion and condensation rates respectively (kg m� 3 s� 1).

While these primitive equations form the universal foundation for all NWP models,

each model applies a unique combination or adaptation of these equations. These cus-

tomizations account for the speci�c requirements of the model, such as spatial resolution,

2Cp represents the amount of heat required to raise the temperature of a unit mass of a substance by one
degree while keeping the pressure constant.
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geographic focus, or the inclusion of particular physical processes. This results in varia-

tions in how the equations are implemented and combined, making each model uniquely

suited to its intended application.

To predict future atmospheric states, these PDEs must be solved using initial condi-

tions derived from previous states [6], a task performed by supercomputers. Since these

equations describe the dynamics of �uids, they involve derivatives representing in�nites-

imally small changes in space and time. While computers excel at arithmetic (addition,

subtraction, multiplication, etc.), they cannot directly perform calculus, which is needed

to solve continuous equations [11]. To overcome this, the PDEs are discretized [6], and so

translated into discrete form that computers can process. Discretization involves dividing

the atmosphere, or more generally any space-time domain, into a grid, where both space

and time are divided into intervals. This process approximates the continuous derivatives

by calculating the differences between adjacent grid points. After discretization, numer-

ical methods are employed to solve these equations. These methods enable the com-

puter to handle the problem by performing arithmetic operations on the discrete points

of the grid. Enhancing NWP models is a complex, resource-intensive process led by

highly trained experts developing increasingly accurate physical equations and leverag-

ing increased computational power [9]. Developing these models requires expertise in

atmospheric physics and a deep understanding of �uid dynamics and thermodynamics.

Additionally, as models become more precise and detailed, they require increasingly so-

phisticated calculations, hence the need to invest in greater High-Performance Computing

(HPC)3 hardware.

The leading NWP-based system for medium-range weather forecasting is the Inte-

grated Forecasting System (IFS), operated by the European Centre for Medium-range

Weather Forecasts (ECMWF). The IFS combines both deterministic and probabilistic ap-

proaches to deliver some of the most accurate weather forecasts available today. The

system generates a set of 50 possible future weather scenarios (ensemble members) by

introducing small perturbations to both initial conditions and the original model con�g-

uration, to account for uncertainties in observations and model physics [12]. Together,

the ensemble members form a probabilistic distribution of possible weather outcomes, as

illustrated in Figure 2.1.

3High-Performance Computing (HPC) refers to the use of supercomputers and parallel processing tech-
niques for solving complex computational problems.
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Figure 2.1:ECMWF Ensemble Prediction Process.The IFS generates 50 ensemble mem-
bers by perturbing initial conditions and model con�gurations, providing a probabilistic distribu-
tion of forecasts with associated con�dence levels.Credit: Andrea Montani, ECMWF.

Alongside these perturbed members, the system includes an unaltered model run,

known as the ”ensemble control”, which serves as a deterministic forecast4 [12]. This

combination within the IFS allows users to access single-value forecasts as well as prob-

abilistic ranges with associated con�dence levels. Ensemble forecasts are typically visu-

alized in time series plots (meteograms), which display key percentiles (e.g., 10th, 25th,

median, 75th, and 90th). Figure 2.2 shows an ensemble meteogram of ECMWF's IFS

forecasts for Bologna (44.46°N, 11.32°E – 54m altitude). The meteogram displays the

control member forecast (High Resolution Forecast)5 and the distribution of predictions

from the 50 ensemble members (ENS Distribution) from Thursday, May 23, 2024, to

Sunday, June 2, 2024, based on the 12 UTC6 run times.

4The term ”deterministic” refers to a forecast generated from a single set of initial conditions and model
con�guration, as opposed to ensemble forecasts which are derived from multiple sets of initial conditions
and modi�cations to the model con�guration, with small variations introduced to account for uncertainty.

5The graph shows forecasts from an ECMWF IFS version prior to Cy49r1 (forecast cycle 49 revision
1), implemented after autumn 2024. In that version, the control member (High Resolution Forecast) had a
9 km resolution, while ensemble members had 18 km. As of Cy49r1, both now feature a 9 km resolution,
thus the control member is no longer referred to as High Resolution Forecast.

6Coordinated Universal Time (UTC) is the primary time standard by which the world regulates clocks
and time. It is consistent worldwide and does not observe daylight saving time.
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Figure 2.2:Ensemble meteogram for Bologna (44.46°N, 11.32°E – 54m altitude) from
Thursday, May 23, 2024, to Sunday, June 2, 2024, based on 12 UTC run times.Pre-
dictions include Total Cloud Cover (okats: eighths of the sky covered by clouds), Total Precipi-
tation (mm/6h), 10m Wind Speed (m/s), 2m Temperature (C°), with temperature values adjusted
to Bologna's grid point elevation (54m) which is different from the nearest ENS model land grid
point (101m). The blue line follows the control member single-value predictions while the vertical
bars display the percentiles of the forecast distribution from the 50 ensemble members.Credit:
Andrea Montani, ECMWF.

These visualizations enable users to interpret both deterministic forecasts and prob-

abilistic ranges, providing insights into the likelihood of speci�c weather events. The

ensemble control typically demonstrates higher average skill compared to individual per-

turbed members when performance is evaluated over many forecasts. However, in certain

cases, a perturbed member can outperform the control, highlighting the value of the en-
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semble in capturing a wide spectrum of possibilities [12].

The IFS produces forecasts up to 15 days ahead, with initialization times at 00 UTC

and 12 UTC for both the ensemble control and the ensemble members. Additionally,

shorter-term forecasts are produced at 06 UTC and 18 UTC, with the ensemble reaching

up to 6 days and the control providing predictions for up to 3.5 days [12]. Both the ensem-

ble and control forecasts of IFS share a horizontal resolution of approximately 9 km [12].

This means each weather state is represented by a grid cell with a spatial resolution of 0.1°

latitude by 0.1° longitude. Additionally, both systems incorporate a vertical resolution of

37 levels [12], enabling the prediction of atmospheric variables across 37 distinct pressure

levels, each corresponding to a speci�c height in the atmosphere (see Section 2.3.1 for a

more detailed explanation of horizontal and vertical resolution).

2.2 Machine Learning Weather Prediction: Paving a

New Way in Forecasting

Machine Learning-based Weather Prediction (MLWP) offers a different approach com-

pared to traditional NWP: using data instead of physical equations to develop forecasting

models. MLWP models are trained on decades of historical weather data to detect and

learn the relationships that drive the evolution of weather systems from present to future

states [9]. This data-driven approach has the potential to improve forecast accuracy by

capturing complex patterns and scales in the data that may be dif�cult to represent in

explicit equations [9].

Tom Mitchell, in his book ”Machine Learning” [13], de�ned ML as follows: ”A com-

puter program is said to learn from experience E with respect to some class of tasks

T and performance measure P if its performance at tasks in T, as measured by P, im-

proves with experience E” [13]. In the context of machine learning for weather predic-

tion, computer programs learn from past atmospheric observations (E), to predict future

weather states (T), and their accuracy (P) continuously improves as they are exposed to

higher-quality information. Unlike traditional programming, where input data is pro-

cessed by a program explicitly designed based on knowledge of a speci�c phenomenon

to produce results, ML-based systems are not programmed with prede�ned rules for a

particular task. Instead, they learn automatically from data and have the ability to evolve

and improve as more comprehensive records become available—an especially valuable

feature in an era of changing climate, where weather patterns are continuously shifting.

Additionally, this enables faster and more cost-effective model improvements, as adjust-

ments are based on data rather than physical laws and increased computational power.

Past weather observations have been collected for decades in extensive archives such as

ECMWF's Meteorological Archive System (MARS) and combined with NWP models to
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`�ll in the blanks' where data is incomplete. This process enables the accurate reconstruc-

tion of a rich record of global historical weather data, known as reanalysis data such as

ECMWF's ERA5 dataset. ERA5 is a state-of-the-art global reanalysis product offering

atmospheric, surface, and oceanic variables spanning decades [14]. The dataset is freely

available through the Copernicus Climate Data Store, making it an invaluable resource

for scientists and researchers seeking to analyze historical weather patterns or validate

models. The goal of machine learning is to identify relationships between input features

and target outputs, which are then approximated into a model. In the context of MLWP,

during training, models learn patterns and dependencies within reanalysis data, such as

the relationships between variables de�ning initial states (e.g., temperature gradients) and

target outputs (e.g., wind movements), in order to approximate the underlying physical

processes. A machine learning model is ”trained” by feeding historical data into an opti-

mization algorithm. This algorithm aims to minimize a loss function, which quanti�es the

error between the model's predictions and the actual values, thereby measuring how well

the model �ts the data. The objective is to build a model that reduces this error as much

as possible. Once trained, the model can be used for inference to generate predictions on

new, unseen data, leveraging the learned relationships to approximate future outcomes.

ML-based methods also offer opportunities for increased ef�ciency, as they operate

on modern deep learning hardware rather than traditional supercomputers. This hardware

includes specialized processors like Graphics Processing Units (GPUs) and Tensor Pro-

cessing Units (TPUs), designed to handle the complex computations required for training

and executing machine learning models more effectively. Generating a ML-based 10-day

forecast takes less than a minute on a single GPU or TPU machine and consumes only a

fraction of the energy needed for a conventional approach, such as IFS, which typically

requires an hour of computation on a supercomputer that involves hundreds of machines

simultaneously [10].

2.3 GraphCast Model Overview

In a recent paper [9], Google DeepMind introduced GraphCast, a new global medium-

range deterministic weather forecasting system based on machine learning. The paper

presents a comprehensive performance evaluation of GraphCast against ECMWF's High-

RESolution (HRES) system, widely regarded as the most accurate operational determin-

istic weather simulation tool.

For clarity, it is important to note that with effect from Cy49r1, implemented after au-

tumn 2024, IFS ensemble control member is no longer referred to as High-RESolution

(HRES). Previously, IFS control member had a 9 km resolution (0.1 degree latitude-

longitude), while ensemble members had a coarser resolution of 18 km (approximately

0.162 degrees latitude-longitude near the equator). Thus HRES is now known as the
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ensemble control member of IFS whose output is equivalent to that of ex-HRES [12].

However, to align with the terminology used in the research paper by DeepMind [9], this

chapter will continue to refer to the IFS control member as HRES.

According to [9], 1380 combinations of forecasts—spanning various meteorological

variables, at different atmospheric pressure levels, and prediction lead times—were used

to systematically evaluate the accuracy of HRES versus GraphCast, with GraphCast out-

performing HRES on 90% of these veri�cation targets. Two different baseline datasets

were used to evaluate HRES and GraphCast forecasts: HRES-fc0 served as the ground

truth for evaluating HRES forecasts, while ERA5 was used when assessing GraphCast.

HRES-fc0 (”HRES forecast at step 0”) is a ground truth dataset constructed by Google

DeepMind researchers to evaluate the skill of HRES in the research paper [9]. This dataset

comprises the initial time step of each HRES forecast, at initialization times 00z, 06z, 12z,

and 18z7 (see Figure 3.1). For HRES-fc0 data, each time step corresponds to the HRES

forecast at lead-time 0, essentially providing an ”initialization” from HRES.

Figure 2.3: Schematic of HRES-fc0 [9].Each horizontal line represents a forecast made by
HRES, initialized at a different time (grey axis). In versions previous to Cy49r1 HRES forecasts
initialized from 00z and 12z made predictions up to 10 days lead-time (blue axis), while HRES
forecasts initialized from 06z and 18z made predictions up to 3.75 days ahead. Each square repre-
sents a state predicted by HRES, in 6 hour increments (states in the middle of a forecast trajectory
are omitted from the schematic). Red squares represent the forecast at time 0 for each HRES fore-
cast and de�ne the data points included in HRES-fc0. The brown axis represents the validity time
and allows visualizing the alignment of predictions from different initialization times.

7Zulu time (Z) is used to refer to UTC time. The notation 00z/06z/12z/18z indicates forecasts initialized
at 00:00/06:00/12:00/18:00 UTC respectively.
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Figure 2.4 shows GraphCast's RMSE skill and skill score versus HRES for the year

2018, as presented in the DeepMind research paper [9]. The absolute RMSE represents

the raw error magnitude in predicting outcomes, where lower values indicate higher ac-

curacy. In contrast, the RMSE skill score normalizes the RMSE difference between the

two models, offering a relative measure of performance. Together, these metrics provide

a comprehensive view of GraphCast's forecasting accuracy relative to HRES.

Figure 2.4: Root Mean Square Error (RMSE) skill and skill score (y-axis) for GraphCast
(blue) and HRES (black) as a function of lead time for 2-meter temperature (2t) and 10-
meter u wind component (10u).ERA5 and HRES-fc0 data from 2018 were used as ground
truth for GraphCast and HRES, respectively. Lower values indicate better performance. [9].

The �rst row of Figure 2.4 displays the absolute RMSE values (y-axis) for GraphCast

(blue line) and HRES (black line) calculated using Equation 2.6. The plots also include

95% con�dence interval error bars, which indicate the range within which the true RMSE

or RMSE skill score is expected to lie with 95% probability. The second row displays the

RMSE skill score (y-axis), derived as the normalized RMSE difference between Graph-

Cast and HRES using Equation 2.7). These graphs also include 95% con�dence interval

20



error bars for clarity. The x-axis in all graphs corresponds to forecast lead times, mea-

sured in 12-hour intervals over a 10-day period. Across all four graphs, the data indicates

that GraphCast consistently outperforms HRES. The absolute RMSE for GraphCast (blue

line) is lower than that of HRES across all lead times. Furthermore, the negative skill

score con�rms that GraphCast demonstrates superior performance compared to HRES.

RMSEmodel =

vu
u
t 1

n

nX

i =1

(x i;model � yi;baseline )2 (2.6)

Where:

• n: Total number of grid cells in the latitude-longitude grid.

• yi;baseline : Actual observed weather value from the baseline dataset: ERA5 for

GraphCast or HRES-fc0 for HRES, at thei -th grid cell.

• x i;model : Predicted weather value from the forecasting model (GC or HRES) for the

samei-th grid cell.

Skill Score=
RMSEGC � RMSEHRES

RMSEHRES
(2.7)

A vertical dashed line at 3.5 days marks the transition from HRES forecasts initial-

ized at 06z/18z to those initialized at 00z/12z, which explains the discontinuity observed

in GraphCast's skill score curves. Skill scores up to 3.5 days are computed between

GraphCast (initialized at 06z/18z) and HRES's 06z/18z initialization, while after 3.5 days

skill scores are computed with respect to HRES's 00z/12z initialization. Each set of ini-

tial conditions (06z/18z vs. 00z/12z) comes from a slightly different observational dataset

and assimilation process. This can cause subtle differences in forecast accuracy. Since

the RMSE skill score is a normalized difference between GraphCast's RMSE and HRES's

RMSE, any signi�cant change in HRES's RMSE after the transition can cause a notice-

able discontinuity in the skill score curve.

The following paragraphs provide an in-depth description of the GraphCast model,

detailing its architecture and forecasting process.

2.3.1 Autoregressive Forecast Generation, Grid State Representa-

tion and Modeled Weather Variables

GraphCast predicts global weather conditions up to 10 days in advance in under one

minute employing a single Google Cloud TPU v4 device8 [9]. To generate forecasts,

GraphCast requires input from the two most recent states of Earth's weather—the current

8A Google Cloud TPU v4 is a specialized type of Tensor Processing Unit (TPU) developed by Google.
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state and the state from six hours prior. Based on these consecutive inputs, GraphCast

predicts the next weather state, six hours ahead [9]. Like traditional NWP-based systems,

GraphCast employs an autoregressive forecast generation process: its prediction cycle

can be repeated iteratively, using each newly predicted state as the ”current” weather

state and the previous prediction as the state from six hours earlier. By feeding its own

forecasts back in as input, a process known as “autoregressive roll-out” (Figure 2.5c),

GraphCast can produce a 10-day sequence of weather states, with updates provided in 6-

hour increments [9]. A single weather state, both as input (Figure 2.5a) and as forecasted

output (Figure 2.5b), is represented by a cell with a spatial resolution of 0.25° latitude

by 0.25° longitude. This resolution creates a global grid comprising 721 cells along the

latitude axis and 1440 cells along the longitude axis, resulting in a total of721� 1440 =

1; 038; 240grid points that span the entire Earth's surface [9]. At the equator, each grid

cell covers an area of approximately 28 x 28 square kilometers. However, due to the

Earth's curvature, the distance covered by each degree of longitude decreases as latitude

increases. As a result, each 0.25° x 0.25° grid cell represents a progressively smaller

area (in square kilometers) as you move from the equator toward the poles. Each cell on

the grid represents a vertical slice of the atmosphere, 0.25 degrees wide in latitude and

longitude, to which a speci�c set of surface and atmospheric variables (listed in Table 2.1)

is associated [9].
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Figure 2.5: GraphCast Model Schematic [9].(a) Input grid constituted of single input weather
states on 0.25° latitude-longitude cells comprising a total of721� 1440 = 1; 038; 240grid points.
Yellow layers in the close-up window represent the 5 surface variables. Blue layers represent the 6
atmospheric variables, repeated at 37 pressure levels (5+6 � 37 = 227variables per point in total),
resulting in a global weather state representation of235; 680; 480values used as starting point to
generate the forecasts. (b) GraphCast predicts the next state of the weather on the grid 6 hours into
the future. (c) Autoregressive generation of a forecast (roll-out): GraphCast is iteratively applied
to the previous forecast and the state before to predict the new state. (d) The Encoder maps
two consecutive regions from the latitude-longitude grid to a node representation on the multi-
mesh. (e) The Processor performs message-passing on the multi-mesh, enabling simultaneous
local and large-scale information propagation. (f) The Decoder maps the learned features back
to the grid, providing a prediction for the next time step as a residual update. (g) The multi-
mesh is derived from a regular icosahedron dividing each triangular face recursively into 4 smaller
triangles. Starting with the base mesh (M 0), with 12 nodes, the process ends with the �nal mesh
(M 6), which consists of 40,962 nodes. This creates a �at hierarchy with varying edge lengths
across resolution levels, allowing simultaneous message-passing across multiple resolutions while
maintaining a consistent structure.

The yellow square in the close-up window in Figure 2.5 a) represents the 5 surface

variables modeled by GraphCast, while the blue squares denote the six atmospheric vari-
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ables, repeated across 37 different pressure levels. These values provide a comprehensive

view of weather states, both at the Earth's surface and throughout the atmosphere at var-

ious altitudes. With a total of5 + 6 � 37 = 227 values per cell, this yields a global

representation of Earth's weather state comprising227� 1; 038; 240 = 235; 680; 480val-

ues [9]. Table 2.1 synthesizes all the weather variables and pressure levels modeled by

GraphCast, which are also listed and brie�y detailed below.

Surface Variables:

1. 2-meter temperature (2t)– Air temperature measured at a height of 2 meters above

the ground (K).

2. 10-meter u wind component (10u)– The horizontal wind component in the east-

west direction at 10 meters above the ground (m s� 1), positiveu for winds from the

east, negativeu for winds from the west.

3. 10-meter v wind component (10v)– The horizontal wind component in the north-

south direction at 10 meters above the ground (m s� 1).

4. Mean sea-level pressure (msl)– The atmospheric pressure at sea level (hPa).

5. Total precipitation (tp) – The accumulated precipitation (rainfall or snowfall) over

6 hours (m).

Atmospheric Variables:

1. Temperature (T) – Air temperature at each atmospheric pressure level (K).

2. U component of wind (U)– The east-west component of wind at different pressure

levels (m s� 1).

3. V component of wind (V) – The north-south component of wind at different pres-

sure levels (m s� 1).

4. Geopotential (z)– Gravitational potential energy per unit mass at a given pressure

level (m2 s� 2).

5. Speci�c humidity (q) – The amount of water vapor per unit mass of air at a given

pressure level (kg kg� 1).

6. Vertical wind speed (w) – The speed of vertical air movement at each pressure

level (m s� 1). Vertical wind speed indicates whether air is rising (positivew) or

sinking (negativew).
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Pressure Levels:

Each pressure level represents a speci�c value of atmospheric pressure in hPa (hectoPas-

cals), which corresponds to a certain height. These heights are not �xed, as atmospheric

pressure varies depending on factors such as temperature and density. For instance, the

1000 hPa level represents the altitude at which the atmospheric pressure is 1000 hPa in

that particular forecast.

• 1000 hPa to 850 hPa– Near-surface levels

• 800 hPa to 500 hPa– Mid-levels

• 450 hPa to 200 hPa– Upper levels

• 150 hPa to 1 hPa– Very high levels

Surface Variables (5) Atmospheric Variables (6) Pressure Levels (37)
2-meter temperature (2t) Temperature (T) 1, 2, 3, 5, 7, 10, 20, 30, 50, 70,
10-meter u wind component (10u)U component of wind (U) 100, 125, 150, 175, 200, 225,
10-meter v wind component (10v)V component of wind (V) 250, 300, 350, 400, 450, 500,
Mean sea-level pressure (msl) Geopotential (z) 550, 600, 650, 700, 750, 775,
Total precipitation (tp) Speci�c humidity (q) 800, 825, 850, 875, 900, 925,

Vertical wind speed (w) 950, 975, 1000

Table 2.1: Weather variables and pressure levels modeled by GraphCast [9].Pressure levels
are expressed in hPa (hectoPascal).

2.3.2 Graph Neural Network Architecture

GraphCast model architecture is implemented as a Graph Neural Network (GNN) which

follows an “encode-process-decode” sequence to generate forecasts [9]. GNNs are partic-

ularly effective in modeling data with spatial dependencies, as they can capture arbitrary

sparse patterns of spatial interactions. This makes them especially suitable for modeling

weather dynamics, which are characterized by intricate interdependencies across differ-

ent regions of the Earth [9]. In GNNs, data is structured as a graph, where each region

of interest (point on the grid) is represented as a node. The interactions between these

regions—such as how one region's weather affects another—are represented as edges

connecting these nodes [9]. The internal “multi-mesh” graph representation (Figure 2.5g)

allows capturing dependencies between nodes (regions) that span large distances within

a few message-passing steps [9]. This enables the model to learn the underlying weather

state without being computationally expensive. A critical distinction of the multi-mesh

representation is its homogeneous spatial resolution, meaning it provides a consistent

level of detail across the entire globe [9]. This stands in contrast to the latitude-longitude

25



grid, which suffers from a non-uniform distribution of grid points. In a latitude-longitude

grid, as one moves toward the poles, the grid cells shrink, resulting in higher resolution

and more computationally expensive processing in polar regions. GraphCast's multi-mesh

representation, by contrast, avoids this issue, as it maintains a uniform resolution across

the globe and does not suffer from the disproportionate computational load at higher lat-

itudes. In addition, the traditional latitude-longitude grid tends to constrain interactions

with adjacent regions, in contrast, GraphCast can model arbitrary sparse interactions,

meaning that weather dependencies between regions that are not directly adjacent can

still be modeled.

The multi-mesh graph used in GraphCast is derived from a regular icosahedron, a

geometric shape with 12 nodes, 20 faces, and 30 edges. To create the �nal multi-mesh

structure, each triangular face of the icosahedron is recursively subdivided into 4 smaller

triangles [9]. Each re�nement step is repeated six times and increases the number of faces

and edges by four while maintaining the overall structure. Starting with the base mesh

(denoted asM 0), which contains 12 nodes, the process culminates with the �nal mesh

(M 6), which consists of 40,962 nodes (Figure 2.5g) [9]. The re�nement process results

in a series of meshes with increasingly higher resolution, preserving all the edges of each

intermediate mesh fromM 0 to M 6 [9]. This creates a �at hierarchy of edges, where the

edges at each level have varying lengths depending on the mesh resolution, but the overall

structure remains consistent across all levels. The hierarchical nature of the multi-mesh

structure enables message-passing over edges that span multiple levels of resolution [9].

During the message-passing process, information �ows from node to node through the

edges, and all edges are treated as bi-directional, meaning each edge is counted twice,

once for each direction. The learned message-passing occurs simultaneously across all

mesh levels (Figure 2.5g) [9]. As a result, each node is updated based on information

from all of its incoming edges, regardless of which mesh level those edges belong to.

This allows the model to learn from high-resolution and low-resolution interactions at the

same time, leveraging both �ne-grained local details and coarse global patterns. The table

below provides the number of nodes, faces, and edges (including multilevel edges) for the

multi-mesh structure at each re�nement level from level 0 (M 0) to level 6 (M 6).
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Re�nement Level Num Nodes Num Faces Num Edges Num Multilevel Edges

0 12 20 60 60

1 42 80 240 300

2 162 320 960 1,260

3 642 1,280 3,840 5,100

4 2,562 5,120 15,360 20,460

5 10,242 20,480 61,440 81,900

6 40,962 81,920 245,760 327,660

Table 2.2: Multi-mesh re�nement statistics [9].Number of nodes, faces, edges, and multilevel
edges for each re�nement level, from the base mesh (level 0) to the �nal mesh (level 6) used in
GraphCast. The multi-mesh structure undergoes recursive re�nement, resulting in progressively
higher resolution and more complex connections between nodes at each level.

GraphCast architecture is characterized by an “encode-process-decode” con�guration:

• The Encoder (Figure 2.5, point d, and Figure 2.6, point a) component maps two

consecutive input regions on the latitude-longitude grid (green boxes), to a node

representation on the multi-mesh internal graph (green, upward arrows which ter-

minate in the green-blue node).

This component uses a single GNN layer9, which transforms the input data (surface

and atmospheric variables) in node attributes on the multi-mesh.

• The Processor(Figure 2.5, point e, and Figure 2.6, point b) performs learned

message-passing on the multi-mesh (heavy blue arrows that terminate at a node)

using 16 unshared GNN layers.

Unlike hierarchical approaches, the processor does not require explicit hierarchy

between higher and lower resolution edges, thus enabling simultaneous local and

large-scale information propagation with few message-passing steps.

• The Decoder(Figure 2.5, point f, and Figure 2.6, point c) component maps the

learned features on the multi-mesh (purple nodes) back onto the grid representation

(red, downward arrows which terminate at a red box).

The output is presented as a prediction for the next time step, expressed as a residual

update to the most recent input state.

This component uses a single GNN layer, similar to the encoder, to translate the

processed features into a forecasted state.

9A layer in a Graph Neural Network (GNN) applies graph-speci�c operations resulting in feature trans-
formations, such as message passing or mapping features from the latitude-longitude grid to the multi-mesh
representation and back
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Figure 2.6: Close-up on Encoder, Processor, Decoder, and simultaneous multi-mesh
message-passing [15].(a) The Encoder maps pairs of adjacent latitude-longitude regions to
node representations on the multi-mesh. (b) The Processor enables simultaneous local and large-
scale information propagation via message-passing. (c) The Decoder transforms learned features
back to the grid, predicting the next time step as a residual update. (d) The multi-mesh, de-
rived from an icosahedron, recursively subdivides each triangular face into four, progressing from
a 12-node base mesh (M 0) to a 40,962-node �nal mesh (M 6). This structure enables ef�cient
multi-resolution message-passing while maintaining consistency.

2.3.3 Training Process and Details

GraphCast was trained to minimize the Mean Squared Error (MSE) between its pre-

dicted weather state and the corresponding weather state from ECMWF's ERA5 reanaly-

sis dataset which served as ground truth (see Equation 2.8). DeepMind researchers split

ERA5 data from 1979 to 2021 into two sets: a “development set” used for training, which

included 39 years of historical weather observations from 1979 to 2017, and a “test set”

covering the years 2018–2021, used to evaluate the model's performance [9]. The only

difference between the two datasets is that the development set comprises only dates ear-

lier than those in the test set. To prevent bias, neither the researchers nor the training

software were allowed to access data from the test set until the development phase was

completed [9]. This ensured that all decisions made regarding the model's architecture

and training process could not use any future information, preserving the integrity of the

evaluation.

MSE =
1
n

nX

i =1

(x i � yi )2 (2.8)
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Where:

• n: Total number of grid cells in the latitude-longitude grid.

• yi : Actual observed weather value from the ERA5 reanalysis for thei -th grid cell.

• x i : Predicted weather value from the GraphCast model for the samei-th grid cell.

To account for the varying importance of different pressure levels, the MSE, also

known as the objective or loss function, was averaged and weighted by vertical level

[9]. For each atmospheric variable measured at multiple pressure levels, the MSE was

calculated by taking into account the weight of each pressure level, using a weighted

average. Heavier weights were assigned to levels closer to the surface, while lighter

weights were given to higher levels (as shown in Figure 2.7). This approach ensured that

levels closer to the ground had a greater in�uence on the �nal error calculation. The lower

atmosphere is denser, concentrating more mass and energy, and most weather events, such

as storms and rain, occur near the surface. Therefore, variables predicted at lower (in

terms of height) pressure levels (like 850 to 1000 hPa) are more relevant for day-to-day

weather forecasting.

Figure 2.7: Loss weights used during model training [9].(a) Vertical loss weights for atmo-
spheric variables, prioritizing lower pressure levels near the surface. (b) Loss weights for surface
variables, with 2-meter temperature (2t) assigned the highest weight (1.0) due to its importance,
while other variables (10u, 10v, msl, tp) were weighted at 0.1 for balanced training.

Additionally, speci�c weights were assigned to each surface variable to re�ect their

relative importance in the error calculation process. During model training, the loss

weights for surface variables were adjusted to ensure that no single variable dispropor-

tionately in�uenced the model's overall performance [9]. 2-meter temperature (2t), being

directly measurable and highly in�uential on weather conditions that affect daily life, was

assigned a higher weight (1.0). In contrast, smaller weights (0.1) were assigned to the
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other atmospheric variables: 10-meter u wind component (10u), 10-meter v wind compo-

nent (10v), mean sea-level pressure (msl), and total precipitation (tp) (Figure 2.7). This

weight adjustment ensured a balanced and fair training process, allowing the model to

give appropriate attention to all variables [9].

As GraphCast's �nal model was designed to predict weather variables over multiple

forecasting steps, an autoregressive training regime was employed [9]. In this regime, the

model's predicted state for a given time step was used as input to predict the subsequent

time step, creating a feedback loop. The number of autoregressive steps was increased

incrementally from 1 to 12 (i.e., six hours to three days) throughout training [9]. The error

between GraphCast's predicted state and the corresponding ERA5 state was computed

for each of the 12 autoregressive steps. The gradients of these errors with respect to

the model parameters were then backpropagated through the entire sequence of model

iterations using a technique known as Backpropagation Through Time (BPTT) [9].

Backpropagation is a fundamental technique for training arti�cial neural networks

[16]. It involves the backward adjustment of model parameters, such as the weights as-

signed to edges connecting neurons, to minimize the cost function (see Figure 2.8) [16].

In the context of GraphCast's GNN architecture, the weights in�uencing the output of

each node were iteratively updated through the network for each of the 12 steps in the

forecasting sequence [9].

Figure 2.8: Illustration of the backpropagation process in a neural network [17].The error,
calculated as the difference between the desired and predicted values, is propagated backward to
update the weights (W ) in the previous layers.

Backward error propagation works hand-in-hand with gradient descent, a standard

optimization algorithm in machine learning that directs the search for parameter values
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to minimize the cost function. It uses the gradient, a mathematical measure of the slope

or steepness of the cost function, to guide updates to the model's parameters [16]. The

gradient indicates the direction of the steepest ascent of the function, while the negative

gradient points in the direction of the steepest descent [16].

Figure 2.9: Visualization of gradient descent optimization [18].Starting from the initial
weights, the algorithm uses the gradient (@Cost

@w ) to iteratively adjust the weights, moving step by
step towards the global minimum of the cost function (loss function). Each step minimizes the
cost, guiding the model parameters closer to the optimal solution.

During each training iteration, the partial derivative (gradient) of the loss function

with respect to each weight is computed. Subsequently, the weights are adjusted by sub-

tracting a multiple of the gradient. This multiple is determined by a learning rate, a

hyperparameter that controls the magnitude of the updates. The updates ensure that each

parameter is modi�ed in proportion to its contribution to the total error, gradually moving

the model towards a local or global minimum of the loss [16]. In GraphCast's GNN ar-

chitecture, weight adjustments occur across all 18 layers starting at the last layer (output

layer), the one employed by the decoder to map input variables to node attributes on the

“multi-mesh”. It then moves through all the 16 processor layers, which are responsible

for message-passing within the multi-mesh representation. Then, it reaches the encoder's

�rst layer (input layer), which is closest to the input lat-lon grid [9]. Through this itera-

tive re�nement, the model progressively enhances its predictive accuracy, minimizing the

discrepancy between its outputs and the target values.

To facilitate research and practical applications, DeepMind has open-sourced three

pre-trained versions of the GraphCast deterministic model, along with demonstration

code for their implementation, available in their GitHub repository. These pre-trained

models—GraphCast, GraphCassmall, and GraphCastoperational—vary in resolution,
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pressure levels, and training data, catering to different computational and operational

needs (Table 2.3). In this study, the provided code was adapted and used to implement a

selected pre-trained model and generate forecasts. The predictions obtained were subse-

quently compared to the IFS ensemble control forecasts to assess performance. A detailed

evaluation of these forecasts is presented in Chapter 4, while Chapter 3 (Methodology)

outlines the modi�cations made to the original implementation to optimize it for opera-

tional forecasting. Below is an overview of the available pre-trained GraphCast models,

highlighting their key differences and intended use cases.

Graphcast pre-trained model versions are available for loading from the Google Cloud

Bucket and include GraphCast, GraphCastsmall, and GraphCastoperational, which are

summarized in Table 2.3. GraphCast is the full-scale version of the model, featuring

a high resolution of 0.25 degrees and 37 pressure levels. It utilizes a six-times re�ned

icosahedral mesh and was trained on ERA5 data from 1979 to 2017. This is the version

introduced in the DeepMind paper on GraphCast [9], where it has been evaluated on data

from 2018 onward. GraphCastsmall is a more compact variant designed for environ-

ments with limited computational resources, such as free Colab notebooks. It operates

at a lower resolution of 1 degree with 13 pressure levels and a �ve-times re�ned mesh.

Trained on ERA5 data from 1979 to 2015, it has a smaller memory footprint but lower

performance compared to the full-scale version. GraphCastoperational is tailored for

real-world forecasting applications. It maintains the high resolution of 0.25 degrees and

operates with 13 pressure levels, utilizing the same six-times re�ned icosahedral mesh

as the full-scale version. The model was trained on ERA5 data from 1979 to 2017 and

further �ne-tuned on HRES-fc0 data from 2016 to 2021. Unlike the other versions, which

require ERA5 data as input, this model must be initialized directly from HRES-fc0 data

and can be evaluated on data from 2022 onward.

Model Resolution Pressure Levels Mesh Re�nement Level Training Data
GraphCast 0.25° 37 6 ERA5 (1979–2017)
GraphCastsmall 1° 13 5 ERA5 (1979–2015)
GraphCastoperational 0.25° 13 6 ERA5 (1979–2017) - HRES-fc0 (2016–2021)

Table 2.3: Summary of Pre-trained GraphCast Model Versions.Differences in reso-
lution, pressure levels, mesh re�nement, and training data. GraphCast is the standard high-
resolution model, GraphCastsmall is optimized for lower computational resources, and Graph-
Castoperational is �ne-tuned for real-world forecasting, maintaining high resolution while in-
corporating additional �ne-tuning on HRES-fc0 data for improved performance in operational
settings.
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Chapter 3

Methodology

The primary objective of this thesis was to evaluate the capabilities of GraphCast in its

publicly available form for operational forecasting in the context of energy trading. In

particular, forecasts of wind speed and temperature were generated up to 48 hours into the

future, a critical time window for energy production estimates used in trading strategies.

By relying solely on open-source data, pre-trained models, and publicly available code,

this study aims to provide a cost-effective and replicable demonstration of GraphCast

implementation subject to real-world operational constraints.

Among the open-sourced pre-trained versions described in Chapter 2 (Table 2.3),

GraphCastoperational was selected as it is optimized for real-world applications. Un-

like other GraphCast versions, which rely on historical data (ERA5) for training and ini-

tialization, GraphCastoperational initializes forecasts using HRES-fc0 (see Figure 3.1 in

Chapter 2), a dataset derived from ECMWF IFS initialization data (forecast outputs at

lead-time 0). This data is made available in near real-time through the ECMWF Produc-

tion Data Store (ECPDS). Additionally, GraphCastoperational retains the high resolution

of the full-scale version (0.25° spatial resolution, 13 pressure levels), aligning with the

resolution of ECMWF's publicly available IFS operational deterministic forecasts, which

enables a meaningful and direct evaluation.

This chapter provides an overview of the methodology adopted to implement Graph-

Castoperational and generate the forecasts analyzed in Chapter 4. The modi�cations to

the publicly available demonstration code primarily focused on two key aspects: (1) inte-

grating custom input datasets, and (2) producing forecasts up to 10 days ahead, starting

with an input dataset containing only two time steps—a capability not supported by the

demo.
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3.1 Starting Point: GraphCast Repository

The starting point for this work was the GraphCast GitHub repository provided by Google

DeepMind. This repository includes a demonstration codebase that can be executed in

Colaboratory to run and train GraphCast.

The demo illustrates examples of:

• Loading example input datasets.

• Loading three different pre-trained model versions (Table 2.3) and associated model

weights.

• Loading normalization data.

• Generating predictions based on these con�gurations.

• Training the model.

Several example datasets are available for loading through the demo, collected from

two different sources: ERA5 and HRES1 operational forecasts archive stored in the

ECMWF Production Data Store (ECPDS). These datasets come with different resolu-

tions (0.25° and 1°) and pressure levels (13 and 37), and cover a varying number of time

steps. The resolution and number of pressure levels of the model version must match

those of the input data. Therefore, not all combinations of models and input datasets are

available. GraphCast and GraphCastsmall, models 1 and 2 of Table 2.3, are designed to

be initialized with ERA5 data, and thus require precipitation as input. All models pre-

dict precipitation, however, the ERA5 dataset includes the totalprecipitation6hr variable

(cumulative precipitation over a 6-hour period), while the HRES data does not. Graph-

Castoperational (model 3) does not depend on precipitation, as it is speci�cally trained

to use HRES-fc0 data as input, which does not include this variable.

In GraphCast, the input variables on the latitude-longitude grid are normalized to have

zero mean and unit variance. The learned features on the multi-mesh are also normalized

when mapped back to the grid as a residual update to the previous state, ensuring unit

variance on the residuals. Zero mean normalization shifts the data's average to zero by

subtracting the mean from each value. This prevents a skewed central tendency, which

could introduce bias in the model's predictions. By centering the data, the model can

focus more on the relationships between variables, rather than any speci�c offset or base-

line. Unit variance scaling standardizes the data by dividing each value by its standard

1To maintain consistency with the original terminology, we will continue to refer to IFS's control mem-
ber as HRES. However, as previously mentioned, starting from Cycle 49r1, IFS's control member is no
longer referred to as ”High-RESolution”. It is now known simply as the ensemble control member of IFS,
with output equivalent to that of the former HRES.
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deviation, ensuring all features have the same scale. This promotes uniformity in the mag-

nitude of features, making the optimization process more stable during training. Without

consistent variance, some features could dominate the learning process, making it harder

for the model to learn the relationships between all variables. By scaling the data to unit

variance, the model can learn from all features equally, improving the convergence of the

gradient descent algorithm.

GraphCast normalization statistics include speci�c datasets that can be loaded along

with the pre-trained model weights and example inputs from the Google Cloud Bucket:

• diffs stddevby level: standard deviations of the differences at each pressure level.

• meanby level: mean values at each level.

• stddevby level: standard deviations at each level.

3.2 Code Modi�cations

The key modi�cations made to the publicly available demonstration code for deploying

the GraphCastoperational model were implemented to extend the forecast capabilities

of the demo. The original example implementation is limited in its ability to generate

forecasts for multiple time steps in the future, as it requires input datasets containing all

the required time steps for a given forecasting horizon. To obtain a prediction for just

one time step ahead (6 hours) the demo needs an input dataset containing at least three

consecutive time steps (e.g., 00z, 06z, 12z). The �rst two time steps are used as model

inputs, while the third time step is included only to maintain the correct structure to store

the �nal forecasts. Additionally, higher-resolution example input datasets are only avail-

able for fewer time steps due to the memory requirements of loading them, making it

practically impossible to obtain high-resolution forecasts for multiple time steps in the

future using the Colab-based implementation. When run in Colab, the demo code allows

predictions using the small GraphCast model on 1-degree resolution data for up to 4 steps

ahead. Forecasts using the other higher-resolution models are available for shorter time

steps, a limitation inherent to the Colab environment's constraints. In an operational set-

ting, this approach would result in signi�cant data redundancy and inef�ciencies. For

instance, to generate forecasts up to 48 hours ahead (8 time steps), the would demo re-

quire an input dataset covering at least 10 time steps, which is impractical in real-world

forecasting environments.

To overcome these constraints, custom logic was developed to enable GraphCast to

generate long-range forecasts (up to 10 days) while requiring only two time steps of in-

put data. Instead of relying on pre-existing datasets with multiple time steps, the code

developed in this research dynamically expands the input data, maintaining GraphCast's
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expected initialization structure while reducing unnecessary storage and computational

overhead. The solution consists of creating future time steps dynamically, using null

placeholders. The last available time step from the input dataset is identi�ed, and future

timestamps are generated in 6-hour increments to match the forecast horizon. A new

dataset is initialized with the same variable structure as the original input, but with miss-

ing values for the additional time steps. All relevant meteorological variables, such as

wind speed and temperature, are replicated in this extended data structure, which is then

concatenated with the original input along the time dimension, preserving the expected

initialization structure while minimizing the required input data. The resulting dataset is

then passed to GraphCast's autoregressive inference process, where the model iteratively

replaces the null placeholders with predicted values during the forecast rollout. This im-

plementation brings several advantages. First, it reduces input data requirements, making

it possible to generate forecasts up to 10 days ahead with only a two time steps initializa-

tion dataset. Second, it minimizes storage and computational requirements, signi�cantly

improving GraphCast's usability for real-world applications.
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