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Abstract

The application of machine learning (ML) to weather prediction has recently made great advance-

ments, with data-driven models now rivaling traditional numerical weather prediction (NWP)

systems. However, most data-driven weather models focus on deterministic forecasting, leaving

ensemble forecasting relatively unexplored. One established approach in the Meteorological Service

of Canada (MSC) consists in creating an initial condition ensemble by perturbing observations

before data assimilation. To explore this further, this study experiments with different approaches of

ensemble generation in the TEEMLEAP testbed - a framework developed jointly by the Karlsruhe

Institute of Technology (KIT) and the German Weather Service (DWD) on KIT’s supercomputer

HoreKa - which emulates the operational weather forecasting chain in a simplified yet realistic

manner.

In this thesis, uncertainty quantification in data-driven models is investigated by generating prob-

abilistic forecasts from the deterministic data-driven weather prediction model FourCastNet V2.

Building on the method of Houtekamer et al. (1996), different ways to systematically perturb

the observations before data assimilation with the NWP-based ICON model are tested. The key

objectives are: (1) to demonstrate that FourCastNet V2 can be run using ICON-based initial

conditions generated within the TEEMLEAP testbed; (2) to compare different initial condition

ensemble generation methods by modifying the parameters that control the nature of perturbed

observations; and (3) to use the outcome from the most adequate perturbation method to initiate

forward integrations with FourCastNet V2, which are then evaluated using probabilistic verification.

This study presents the first successful use of ICON-based initial conditions generated within

TEEMLEAP for running a pre-trained version of FourCastNet. Among the tested observation

perturbation methods to generate an initial condition ensemble, the approach that changes the

random seed in the generation of vertical error profiles proves to be the most effective, demonstrating

healthy spread-skill relationships. A probabilistic forecast is then produced by forward integrating

the obtained initial condition ensemble using FourCastNet V2. The evaluation reveals an abrupt

decrease in ensemble spread during the first 24 hours, leading to a consistent underestimation of

uncertainty throughout the entire forecast and indicating that FourCastNet V2 struggles to maintain

and grow small-scale structures contained in the ICON-based initial condition ensemble.

Despite the challenges encountered, designing a first data-driven probabilistic forecast prototype

with FourCastNet V2 provides an important first step into data-driven ensemble prediction with the

TEEMLEAP testbed, which demonstrated its value as a hands-on platform for students to explore

ML applications in the weather prediction chain. Future work could include incorporating model

error and fine-tuning the perturbed observations. For instance, the MSC inflated initial condition

perturbations to achieve a well-calibrated forecast spread. Additionally, forward integration with

other data-driven models or alternative ensemble generation methods - such as varying the number

of assimilated observations within small ranges - could be explored. Furthermore, investigating

scale-dependent error growth in data-driven probabilistic forecasting could provide deeper insights

into the representation of uncertainty.
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1 Introduction

Our world is rapidly changing, and societies are facing an increase in the frequency and intensity

of high-impact and extreme weather events, as evidenced in daily news headlines (Brunet et al.,

2023). Livelihoods can be destroyed, especially those of the poorest communities, underscoring

the critical role of early warning systems in effective disaster risk management (Field et al., 2012).

This dictates the urgent need for further improvements in weather prediction systems (Brunet et al.,

2023).

Over the past three to four decades, global numerical weather prediction (NWP) has seen steady

advancements, driven by improvements in the representation of physical processes through higher-

resolution models, the optimized data assimilation techniques, more extensive and accurate ob-

servations, and enhanced forecast uncertainty estimation using ensemble methods (Bauer et al.,

2015). Ensemble prediction is essential in modern NWP, allowing for the quantification of forecast

uncertainty (Kalnay, 2002). One relevant method, developed by Houtekamer et al. (1996) and

employed by the Meteorological Service of Canada (MSC), involves perturbing the observations

before the data assimilation to create an initial condition ensemble, which is then used to generate

an ensemble of forecasts. By perturbing the observations, this method accounts for observational

uncertainties and ensures that the resulting ensemble of initial conditions represents different possi-

ble atmospheric states. In the approach from Houtekamer et al. (1996), observations are perturbed

randomly in a manner consistent with observation error statistics, ensuring vertical correlations.

While this method has been explored in several studies (Buizza, 2008; Keresturi et al., 2019; Zhang

et al., 2010; Goswami et al., 2005), these approaches focus on either random perturbations or

varying the number of assimilated observations without perturbing them. This reveals a gap in the

exploration of alternative methods for perturbing the observations.

Despite the mentioned achievements in NWP, there is still considerable room for improvement,

particularly in optimizing the ensemble systems to enhance forecast reliability, while also addressing

the technological challenges related to computational efficiency and data processing capacity (Bauer

et al., 2015). Around 2010, three key developments paved the way for a new wave of Artificial

Intelligence (AI)-driven research: the advent of graphical processing units (GPUs) for massive

parallel processing, the introduction of convolutional neural networks (CNN) for efficient analysis

of massive datasets (Krizhevsky et al., 2012), and the availability of large benchmark datasets on

the internet (Schultz et al., 2021). These breakthroughs presented an opportunity to drive innovation

and improve weather predictions, leading to the first data-driven weather prediction models that

emerged in the late 2010s.
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1 Introduction

The application of machine learning (ML) to weather prediction has recently made great advance-

ments, with data-driven models now rivaling traditional NWP systems in accuracy (ECMWF,

2023). For example, models like FourCastNet (Pathak et al., 2022) or Pangu-Weather (Bi et al.,

2022) demonstrated the ability to generate high-resolution global forecasts up to a week ahead,

achieving comparable or superior accuracy to NWP models while highly reducing computational

costs (Pathak et al., 2022; Bi et al., 2022). However, the exploration of probabilistic data-driven

weather forecasts has been relatively limited until recently. Bülte et al. (2024) took a first step toward

probabilistic data-driven weather models, by evaluating uncertainty quantification (UQ) methods

to generate probabilistic forecasts from the deterministic data-driven model Pangu-Weather. Their

work demonstrated the potential of data-driven weather models to generate probabilistic forecasts

that are competitive with operational “European Centre for Medium-Range Weather Forecasts

(ECMWF)” ensemble.

In 2024, a significant breakthrough was achieved with NeuralGCM, a general circulation model

(GCM) capable of generating deterministic and probabilistic weather forecasts, and climate predic-

tions on par with the best ML and physics-based methods (Kochkov et al., 2024). Most recently, the

probabilistic data-driven weather model GenCast was introduced, performing probabilistic weather

forecasts based on ML that are both more skillful and faster to generate than the leading NWP-based

ensemble forecast, ENS of ECMWF (Price et al., 2025).

The rapid advancements in AI-driven atmospheric prediction demands adaptation in academic

institutions as well. New teaching curricula, infrastructures, and strategies are essential to prepare the

students and researchers for this evolving field. This study aims to contribute to these efforts by using

the global “TEstbed for Exploring Machine LEarning in Atmospheric Prediction (TEEMLEAP)”

as the foundational framework for all the analyses in this thesis. The TEEMLEAP testbed was

developed by an interdisciplinary team of scientists from the Karlsruhe Institute of Technology

(KIT) and the German Weather Service (DWD). Implemented on KIT’s supercomputer HoreKa,

TEEMLEAP mimics the operational weather forecasting chain in a simplified but yet realistic

manner, also incorporating interfaces for integrating AI-based components (Wilhelm et al., 2024).

One of TEEMLEAP’s key objectives is to make advanced weather prediction tools more accessible

to students, providing them with a hands-on platform to explore the weather prediction chain, and

experiment with ML applications.

Figure 1.1 presents a schematic of this thesis project, adapted from the original TEEMLEAP testbed

framework (Wilhelm et al., 2024). As shown in the left panel, the study begins by exploring different

ways to systematically perturb the observations before data-assimilation (middle panel) to generate

an initial condition ensemble, building upon the method by Houtekamer et al. (1996). Specifically,

this includes applying random perturbations to the observations, varying the number of assimilated

observations, and modifying their global statistics.

This project is conducted during the period when ensemble data-driven weather prediction is still

in its early stages, offering an opportunity to experiment with ensemble approaches. This is done

using the initial condition ensemble generated (represented by the assimilation cycle in Figure 1.1)

to initiate forward integrations with FourCastNet V2, a state-of-the-art data-driven model developed

2



Figure 1.1: Schematic representation of this thesis’ approach, adapted from the TEEMLEAP testbed frame-
work (Wilhelm et al., 2024). The workflow begins with an ensemble of perturbed Observations
(left), where various methods are explored. These perturbed observations are used in the as-
similation cycle to generate ensembles of initial conditions, which are subsequently integrated
forward using FourCastNet V2, in the Forecast step. The forecasts are then verified in the final
Verification step, which evaluates the ensemble prediction approach.

by Pathak et al. (2022). This marks the first use of FourCastNet V2 for ensemble prediction with

NWP-based “ICOsahedral Nonhydrostatic (ICON)” initial conditions from the TEEMLEAP testbed.

Finally, aligning with TEEMLEAP’s goal to provide students with a hands-on platform to explore the

weather prediction chain and experiment with ML applications, this project represents an important

step into data-driven ensemble prediction with the TEEMLEAP testbed: it addresses the technical

challenges and designs a first data-driven probabilistic forecast prototype with FourCastNet V2.

Objectives and main goal

The main goal is to develop a sophisticated ensemble generation method for creating probabilistic

data-driven forecasts within the TEEMLEAP testbed. This involves exploring different methods for

perturbing the observations building on approaches found in the literature, and experimenting with

ensemble generation using the deterministic data-driven FourCastNet V2 model. Unlike traditional

ensemble prediction systems such as ECMWF’s Ensemble Prediction System (EPS) (Molteni et al.,

1996), which incorporate both initial condition and model physics perturbations, this study focuses

only on perturbations of the initial state. By achieving this goal, we aim to support TEEMLEAP

as a valuable learning tool for future students, which can bring data-driven atmospheric prediction

closer to educational frameworks. The key objectives of this study are as follows:

1. Prove that the data-driven model FourCastNet V2 can be run with ICON-based initial condi-

tions from the TEEMLEAP testbed.

2. Compare different initial condition ensemble generation methods by modifying the parameters

that control the nature of perturbed observations.

3. Select the most adequate observation perturbation method for generating an ICON-based

initial condition ensemble with sufficient spread.

4. Use the outcome of the most adequate method, to initiate forward integrations with FourCast-

Net V2, and evaluate the forecast using probabilistic verification.
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1 Introduction

The structure of this thesis is as follows: Chapter 2 provides the theoretical background, discussing

numerical weather prediction (NWP), with the deterministic and ensemble approaches, as well

as data-driven weather prediction models and their application in ensemble prediction. Chapter 3

describes the data and methods employed, including an overview of the ERA5 dataset, the ICON

model, FourCastNet V2, and the TEEMLEAP testbed. It also explains the methods for perturbing

observations, ensemble generation, and the evaluation metrics used. Chapter 4 presents the results

of the experiments, addressing the main research objectives. Section 4.1 demonstrates that ICON

initial conditions can be used to run data-driven forecasts. Section 4.2 investigates the different

methods for generating ensembles of initial conditions, and Section 4.3 evaluates the performance

of the ensemble data-driven forecast. Finally, Chapter 5 summarizes the key findings and the

objectives reached, and discusses the potential directions for future research.
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2 Background Information

2.1 Numerical Weather Prediction

2.1.1 Deterministic Numerical Weather Prediction

NWP is used to forecast the weather by employing physical models that simulate the Earth’s

atmosphere by integrating a set of partial differential equations. It has gone through a significant

evolution, which is well documented and known as the “quiet revolution” of NWP, and which led to

substantial improvements in the accuracy and reliability of forecasts over the past decades (Bauer,

2024).

To construct an effective NWP forecast, several components are necessary: a global observation

system, data assimilation, the NWP model, and post-processing and verification stages. These

components form a sequential process known as the NWP chain, illustrated in Figure 2.1. The

chain begins with meteorological observations, which undergo pre-processing to prepare the data

for assimilation. The pre-processed observations and then input into the data assimilation system to

generate the initial conditions required for the forecast. This is followed by the prediction step, and

the forecasts outputs undergo post-processing and are evaluated during the verification step. Each

step will be discussed in more detail in the following.

The foundation of NWP begins with a robust global observation system that is largely based on

ground stations and weather balloons, and that is also heavily reliant on satellite data, which remains

a challenge in terms of assimilation (Kalnay, 2002). These observational inputs are essential to

capture the current state of the atmosphere.

Data assimilation is the process of integrating observational data from various sources with a

prior short-term model forecast, known as “first guess” or background, to create the best possible

representation of the current atmospheric state. This step produces the optimized initial conditions

or “analysis”, which are crucial for accurate forecasting (Kalnay, 2002). Data assimilation methods

vary in complexity. Traditional three-dimensional approaches, like 3D-Var and optimal interpolation

(OI), minimize a cost function that measures the distance between the analysis and both the

background and observations (Kalnay, 2002). They are computationally efficient but do not account

for temporal evolution. More sophisticated techniques, such as four-dimensional methods (4D-Var),

do account for temporal evolution but at a higher computational cost (Kalnay, 2002). Methods

such as Kalman filters are also utilized to iteratively refine the initial conditions. A particularly

relevant technique is the Physical-Space Assimilation System (PSAS), introduced by Cohn et al.
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2 Background Information

Figure 2.1: Adapted from Schultz et al. (2021) - Schematic representation of the operational NWP workflow,
showing the key components of the weather forecasting chain. It begins with meteorological
observations as input, which are pre-processed and selected for the data-assimilation step, to
generate the initial conditions. The prediction step follows, where the NWP model uses a
dynamical core and parameterizes the unresolved processes. The forecast outputs are then post-
processed (e.g., statistical downscaling) to produce end-user forecast products. The workflow
concludes with the evaluation-verification step.

(1998). PSAS shares similarities with 3D-Var and OI but differs in its approach by performing the

minimization of the cost function in the physical space of the observations, rather than in the model

space as in the 3D-Var scheme (Kalnay, 2002). The cost function is formulated as:

J(w) =
1
2

wT(R+HBHT)w−wT [yo −H(xb)] (2.1)

R is the observation covariance matrix, H denotes the observation operator, B is the background

error covariance matrix, yo is the observation field (a vector of length equal to the number of

observations), and xb is the model background field. H(xb) transforms the background field into

the observation space using the observation operator (Kalnay, 2002). w is the intermediate solution

vector, given by:

w = R−1(δyo −Hδxa) = R−1 [yo −H(xa)] (2.2)

which accounts for the misfit of the observations yo to the analysis xa, weighted by the inverse of

the observation covariance matrix R (Kalnay, 2002). As will be seen later, the PSAS method is

employed in this work during the assimilation phase.
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2.1 Numerical Weather Prediction

The NWP model employs a dynamical core that is responsible for solving the fundamental physical

equations governing atmospheric behavior. These include Partial Differential Equations (PDEs)

such as the Navier–Stokes equations for fluid motion, the mass continuity equation (including the

effect of the Earth’s rotation), the first law of thermodynamics, and the ideal gas law (Warner, 2011).

They represent the full set of prognostic equations upon which the change in space and time of

wind, pressure, density and temperature is described in the atmosphere (Warner, 2011). Because

of the mathematical impossibility of obtaining analytical solutions, NWP models use numerical

methods to discretize in space and time, approximating these equations on a grid. This discretization

introduces the distinction between resolved scales (large-scale atmospheric movements captured

by the grid) and unresolved scales of motion (those that occur at scales too small to be explicitly

resolved by the model grid) (Kalnay, 2002).

In NWP, processes that cannot be explicitly resolved by the model are referred to as “subgrid-scale

processes”. These include turbulent motions with scales ranging from a few centimeters to the

size of the model grid, as well as processes that occur at a molecular scale, such as condensation,

evaporation, friction and radiation. To represent these subgrid-scale processes, parameterizations

are employed, formulating their collective effects in terms of their interaction with the resolvable-

scale variables (Warner, 2011). Parameterizations play a fundamental role in determining predictive

skill of NWP models, because they determine key aspects of the simulated weather (Warner, 2011).

Verification and post-processing are the final elements in the process chain of modern NWP. Forecast

verification is the process of assessing the accuracy and skill of NWP model outputs by comparing

them against observed data using metrics like mean error, root mean square error, and correlation

coefficients (Wilks, 2011). This step helps to identify model biases and guides improvements in

its performance. The post-processing is done to correct systematic errors, estimate uncertainties,

derive additional quantities, or for performing spatio-temporal interpolation (Wilks, 2011).

Since 1950s, advancements in high-performance computing (HPC) have enabled the development

of more complex and computationally demanding models (Bauer, 2024). Furthermore, as discussed

in the following section, to quantify forecast uncertainty and provide probabilistic predictions,

current NWP models are typically run multiple times from slightly perturbed initial conditions and

perturbed models physics, producing an ensemble of predictions.

2.1.2 Ensemble Numerical Weather Prediction

Early in the 20th century, Poincaré recognized that forecasts of nonlinear systems could vastly

differ if small perturbations were applied to the initial conditions, suggesting a fundamental limit to

predictive skill (Poincaré, 1914). Lorenz formulated this understanding in a series of remarkable

papers (Lorenz, 1963, 1965, 1969), founding chaos theory and demonstrating that even with perfect

models and observations, the chaotic nature of the atmosphere imposes a finite predictability limit

of about two weeks. This insight emphasized the need to account for the growth of initial condition

uncertainties, their evolution, and model imperfections (Palmer, 2006).
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2 Background Information

Overview of the Lorenz attractor

The Lorenz attractor serves as a conceptual framework for understanding atmospheric predictability

(Lorenz, 1963). Its two lobes (which can be seen in any panel of Figure 2.2) represent two distinct

weather regimes, such as westerly zonal flow and blocked flow in mid-latitudes, with transitions

between the lobes corresponding to shifts in weather regimes (Lynch, 2006). Palmer (1993) used

the Lorenz attractor to study the predictability in ensembles of initial states centered around various

points within one lobe of the attractor. Over around 5 days of integration (0.5 nondimensional time

units), the predictability was shown to vary substantially depending on the initial positions within

the attractor. Figure 2.2 highlights three cases of predictability:

• High predictability (a): initial conditions on the left-hand lobe of the attractor evolve together

to the right, implying little impact of initial error.

• Moderate predictability (b): the ensemble approaches a region where adjacent trajectories

split, leading to increased dispersion and reduced predictability.

• Low predictability (c): initial conditions close to the splitting region diverge rapidly, resulting

in an immediate loss of predictive skill.

This analysis underscores the chaotic nature of the atmosphere, where small initial errors grow

rapidly, limiting deterministic predictability (Palmer, 1993). The sensitivity to small initial errors is

also flow-dependent, which means it is crucial to carefully select initial conditions and to know the

reliability of a forecast at any given time (Lynch, 2006).

Figure 2.2: From Palmer et al. (2006) - Evolution of an ensemble of initial points (black) within the Lorenz
attractor (green), for three sets of initial conditions. The ensemble is plotted every 12 h and
integrated for 5 days in equivalent real time.

Ensemble NWP

Building on the work from Lorenz (Lorenz, 1963), NWP has evolved from a deterministic approach,

based on single numerical integrations, to a probabilistic one, that uses ensembles of numerical

integrations to estimate the probability distribution of forecast states (Palmer, 2006). This shift

enables today’s NWP to quantitatively assess the degree of confidence users should have in any

particular forecast (Palmer, 2006).
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2.1 Numerical Weather Prediction

Ensemble forecasting addresses the inherent uncertainty and chaotic nature of the atmosphere

by simulating multiple forecasts with different initial states and/or model formulations (Palmer,

2019a). By capturing a range of possible outcomes, ensemble methods provide a probabilistic view

of future atmospheric states, rather than a single, deterministic forecast. This is a nontrivial task

because the actual uncertainty is flow-dependent and thus varies from day to day (Leutbecher and

Palmer, 2008). Fundamental sources of uncertainty in NWP forecasts include initial condition

errors, model errors, and the inherent chaotic behavior of the atmosphere. Both initial condition

and model uncertainties impact the forecast, and they are interdependent; initial condition error

is inseparable from model error for a real physical system like the atmosphere (Leutbecher and

Palmer, 2008).

In practice, ensemble members are generated by introducing perturbations to the initial conditions

and the model physics, representing sources of error in the analysis and the model (Warner, 2011).

Current NWP models, however, operate within vast, high-dimensional phase spaces N ≈ 107,

making it impossible to perturb all degrees of freedom individually (Leutbecher and Palmer, 2008).

Therefore, ensemble methods are designed to create representative ensemble members that charac-

terize the outer parts of uncertainty space, capturing the variety of possible future atmospheric states.

Rather than relying on statistical approximations, ensemble forecasting applies many nonlinear,

physical realizations of the atmospheric system, in which observational information refines the fore-

casts, reducing uncertainty (Palmer, 2006). For effective initial conditions perturbations in NWP

ensemble prediction, several characteristics are desirable. First, perturbations should be realistic in

the sense that they represent possible atmospheric perturbations consistent with uncertainties in the

observed properties of the atmosphere. Second, they should capture the fastest growing modes out

of these, which are both realistic and compatible with uncertainty (Kalnay, 2002).

Figure 2.3 presents a schematic of model-state trajectories (dashed lines) for an 8-member ensemble

forecast simulation, initialized from perturbed initial conditions in a two-dimensional phase-space.

Each dimension of the phase space corresponds to a dependent variable of the system, and the

trajectories represent the temporal evolution of the system’s states. The initial atmospheric states

are defined by different phase-space coordinates, marked by open circles. These circles also mark

the states’ projection at an intermediate forecast step, and at the final forecast. At each stage, the

ensemble mean is denoted by “x”. Initially, the error growth appears approximately linear. However,

as the forecast progresses, two trajectories diverge significantly until the final forecast projection.

This behavior aligns with the discussion in Figure 2.2, where most ensemble forecasts predict

one of the possible weather regimes - remaining within one of the phase-space lobes - while two

members transition to a different regime, shifting to the opposite lobe. Furthermore, the forecast

initiated from the ensemble mean (solid arrow) differs from the time-dependent behavior of the

ensemble mean itself. This shows that an atmospheric model is a highly nonlinear function (Wilks,

2011), and the best forecast does not result from the best estimate of the initial conditions (the

ensemble mean).

Ensemble prediction systems (EPSs) have recently become well-established at major NWP centers,

each employing distinct configurations for the initial-state perturbations. Below, the three most

9



2 Background Information

Figure 2.3: From Warner (2011) - Schematic of model-state trajectories for simulations from an 8-member
ensemble initialized from perturbed initial conditions.

important EPSs are introduced, including a comparison done by Buizza et al. (2005) of their

performance by using 10-member ensembles over a 10-day forecast period.

• The ECMWF EPS uses singular vectors (SV) to represent the leading linear perturbation

dynamics over a short-range forecast trajectory. These SV identify the directions in phase

space associated with maximum perturbation growth during the early parts of the forecast

period (Molteni et al., 1996). Buizza et al. (2005) found that the ECMWF EPS exhibited the

highest overall forecast skill, though this was primarily due to its higher model resolution

and better data assimilation system, rather than the SV method itself.

• The NCEP (National Center for Environmental Prediction) ensemble is based on the breeding

method. Here, a difference field between two nonlinear forecasts is carried forward and

periodically scaled down in relation to atmospheric analysis fields (Toth and Kalnay, 1997).

In the comparison from Buizza et al. (2005), the NCEP EPS was competitive during the first

few days of forecast, best representing small-scale error patterns.

• The EPS of the Canadian Meteorological Centre (CMC), which operates under the MSC,

creates initial perturbations through the “ensemble Kalman filter (EnKF)”, in which assimi-

lated observations are perturbed by pseudo-random noise that represents observational error

(Houtekamer and Zhang, 2016). It also accounts for model error usign stochastic parameteri-

zation techniques (Houtekamer and Zhang, 2016). According to Buizza et al. (2005), the

MSC EPS showed superior statistical reliability at longer leadtimes, benefiting from the use

of multiple model versions to represent model uncertainty.

The study from Buizza et al. (2005) highlights that the performance of an EPS strongly depends

on the quality of the data assimilation system and the numerical model used to generate forecasts.

In this thesis, a method similar to the CMC approach is applied, by perturbing observations with

vertically correlated noise to generate ensemble members (Houtekamer et al., 1996). This approach

will be detailed in Section 3.2.2.
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2.2 Data-driven Weather Prediction

To account for model error in ensemble prediction, it is important to represent the uncertainties

from parametrization processes. Without representing these uncertainties, the ensemble would be

under-dispersive, meaning that the spread of the ensemble members is too small to represent the

actual forecast uncertainty (Leutbecher and Palmer, 2008). This would require other uncertainties,

such as those from observational errors, to be inflated to prevent under-dispersion (Leutbecher

and Palmer, 2008). Additionally, it was already mentioned that initial error and model error are

interdependent, since the NWP model itself is used to assimilate observations.

There are currently three general methods for representing model error in ensemble systems: the

multi-model ensemble, the perturbed parameter ensemble, and the stochastic-dynamic parame-

terization (Leutbecher and Palmer, 2008). A multi-model ensemble involves using a set of quite

different parameterization schemes and numerical methods developed by different institutes. In

the perturbed parameter ensemble, a single model is run with variations in a certain parameter

within the parameterization scheme. The stochastic-dynamic parametrization approach introduces

stochastic elements to represent the subgrid-scale variability, without assuming that any single

parameterization can provide a deterministic solution (Leutbecher and Palmer, 2008).

2.2 Data-driven Weather Prediction

Scientific and technological developments in NWP have significantly improved weather forecast

skill over the past 40 years (Bauer et al., 2015). However, we are now reaching the upper limits of

processing speed for the same cost, as well as the limits of the computing performance of complex

NWP codes on the current technologies (Bauer, 2024). Further enhancements ultimately need larger

and more costly computing infrastructures, which are likely to become unaffordable for operational

weather centers. In light of these challenges, ML presents promising alternatives. Driven by data

rather than traditional physical modeling, it has the potential to open new avenues for efficient

weather forecasting (Bauer, 2024). The data-driven approach is discussed in this section.

2.2.1 Data-driven Models for Weather Prediction

As mentioned in Section 2.1.1, conventional NWP methods model atmospheric physics using PDEs

and solve them with numerical simulations, incorporating parameterizations to represent sub-grid

scale processes (Kalnay, 2002). Although being very complex, these PDE-based models are often

limited by significant computational costs. Additionally, quantifying forecast uncertainty through

an ensemble of predictions requires further computational resources, reducing the achievable spatial

and temporal resolution, and limiting the ensemble size (Bülte et al., 2024).

To alleviate the above burden, recent advancements in ML-based weather prediction (MLWP)

offer a promising alternative to traditional NWP. Studies have shown that MLWP can provide

more accurate and efficient non-probabilistic forecasts (Price et al., 2024). This rise of data-driven

methods in weather forecasting has been fueled by the availability of massive datasets, advances in
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computational hardware, and open-source deep-learning (DL) software frameworks (Düben et al.,

2021). In this work, the MLWP approaches are referred to as data-driven models.

ML has a wide range of potential application areas throughout the workflow of NWP and is widely

explored within ECMWF initiatives (Düben et al., 2021). While current research focuses on the

forecasting part, ML can be applied in other steps of the prediction chain, such as anomaly detection

in observations, bias correction in data assimilation, and feature detection during post-processing

(Düben et al., 2021). Figure 2.4 illustrates three variations of the NWP workflow. The first (left)

represents the traditional NWP, as previously discussed in Section 2.1.1 and shown in Figure

2.1. The center shows a hybrid workflow where specific parts of the NWP prediction chain are

substituted with ML/Deep-Learning (DL) approaches. The third (right) shows an end-to-end DL

workflow, where all core parts are replaced by a single Deep Neural Network (DNN), which maps

meteorological observations directly to end-user forecast products, as investigated in studies such as

Grover et al. (2015). In this study, however, we focus on exploring a hybrid workflow: performing

data assimilation using 3D-Var-based PSAS and using a DNN for the prediction phase.

Figure 2.4: From Schultz et al. (2021) - Idealized workflows of current NWP (left), next-generation weather
prediction with individual components substituted or augmented by ML and DL techniques
(centre), and a purely data-driven DL weather forecasting system (right).

Data-driven models offer a fundamentally different approach by learning the algorithms and

statistical patterns from large volumes of past data. The methodology involves training a DNN to

model the relationship between the input (ECMWF ERA5 reanalysis data, detailed later in Section
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3.1.1, at a given point in time) and the output (reanalysis weather data at the target point in time)

(Pathak et al., 2022). Through multiple training layers and learnable parameters, data-driven models

capture the statistical dependencies directly from abundant training data, eliminating the need for

physical parameterizations and their associated biases (Rasp et al., 2018). After the training, they

generate forecasts starting from initial conditions provided by a pre-existing NWP model. Thus, as

shown in Figure 2.4, the data assimilation step is still necessary, but it is performed externally by

the physical NWP model used to generate the initial conditions.

Fundamental advances in recent years have established purely data-driven models as viable alter-

natives to traditional NWP, often convincingly outperforming state-of-the-art NWP deterministic

systems (Bülte et al., 2024). Key deterministic models include:

• FourCastNet (Pathak et al., 2022), which employs a modified vision transformer (Guibas

et al., 2022), for high resolution (0.25º) predictions at 6-hour intervals. It is used in this work,

concretely the latest version FourCastNet V2 (Bonev et al., 2023), as discussed further in

Section 3.1.3.

• Pangu-Weather (Bi et al., 2022), a model based on vision transformers, which achieves a

deterministic forecast accuracy that outperforms the High-RESolution configuration of the

Integrated Forecasting System (HRES IFS) from the ECMWF.

• GraphCast (Lam et al., 2023), a Graph Neural Network (GNN)-based model which attains

0.25° horizontal resolution, has a forecast skill and efficiency compared to HRES, and

performs well on severe event forecasting.

• NeuralGCM (Kochkov et al., 2024), unlike the previously mentioned models, is a hybrid data-

driven General Circulation Model (GCM). It combines a traditional differentiable dynamical

core for solving the discretized governing dynamical equations, with a neural network-based

physics module that parameterizes physical processes. It generates forecasts of deterministic

weather, including also an ensemble version, on par with the best ML and physics-based

methods.

To better understand the resources required to train a data-driven model, we can consider FourCast-

Net as an example. The model was trained on a cluster of 64 GPUs, each with 80 GB of memory.

The total training time was approximately 16 hours, resulting in 1,024 GPU-hours (64 GPUs × 16

hours). Figure 2.5 illustrates the capability of FourCastNet with an example forecast of an extreme

event visualized using NVIDIA’s FourCastNet interactive tool, available from (NVIDIA, 2023).

The forecast of wind speed shows the extreme event of Typhoon Hagibis, which struck Japan

in October 2019. This powerful typhoon, with wind speeds reaching up to 195 km h−1, caused

extensive damage estimated at 17.3 billion USD.

Recent studies investigate the capability of data-driven models to provide reliable forecasts of

extreme events. In Pasche et al. (2025), GraphCast, PanguWeather, and FourCastNet were compared

to ECMWF’s HRES in three case studies: the 2021 Pacific Northwest heatwave, the 2023 South

Asian humid heatwave, and the North American winter storm in 2021. They found that while ML
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Figure 2.5: Visualization of a FourCastNet forecast from NVIDIA’s tool (NVIDIA, 2023), for Typhoon
Hagibis, which struck Japan in October 2019, reaching wind speeds of up to 195 km h−1, and
causing significant damage. The forecast, generated using NVIDIA’s interactive tool, depicts the
evolution of wind speed (m s−1) during the event.

models can match HRES in some cases, they struggle with extrapolating extreme conditions, as seen

in the Pacific Northwest heatwave, and tend to underestimate the highest danger levels in humidity-

driven extremes. However, for the winter storm, PanguWeather and GraphCast outperformed HRES

at several lead times, highlighting both the potential and limitations of data-driven models (Pasche

et al., 2025).

2.2.2 Ensemble Prediction with Data-driven Models

For a chaotic atmosphere with uncertain initial conditions, ensemble weather forecasting is essential

to quantify the likelihood of extreme events and improve the reliability and accuracy of long-

term predictions. However, most data-driven forecasting efforts have focused on deterministic

forecasts only (Bülte et al., 2024). This approach produces unrealistically blurry predictions when

optimized for multi-day forecasts (Kochkov et al., 2024), making it impossible to quantify forecast

uncertainties, which is crucial for optimal decision making (Gneiting and Katzfuss, 2014). As

explored in this section, data-driven models can enable the generation of large ensembles at low

computational cost, which is very valuable for probabilistic forecasting and data assimilation

(Pathak et al., 2022). To illustrate this, Table 2.1 provides a comparison of the computational costs

for running a 100-member 24-hour ensemble forecast at 18 km resolution using the data-driven

FourCastNet versus the traditional IFS model.

Table 2.1: Comparison of computational costs for a 100-member 24-hour ensemble forecast at 18 km
resolution using FourCastNet (FCN) and IFS, demonstrating the efficiency of FourCastNet (Pathak
et al., 2022).

24-hour 100-member ensemble forecast FCN - 18 km IFS

Nodes required 2 3,060

Node-seconds 22 984,000

Energy consumed (kJ) 22 271,000

There are several approaches to generate probabilistic predictions from deterministic data-driven

weather models (Bülte et al., 2024). We consider two main approaches for UQ in data-driven

weather models. A schematic overview is provided in Figure 2.6.
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Post-hoc (PH) UQ approaches. Represented in Figure 2.6a, these methods only require a

training dataset of deterministic forecasts and corresponding observations. PH approaches

operate directly on a given deterministic forecast from a data-driven model. They use

statistical or ML techniques to learn from past pairs of forecasts and observations how to

best generate a probabilistic forecast from the deterministic input (Bülte et al., 2024). From a

meteorological perspective, this can be viewed as a post-processing task (Vannitsem et al.,

2021).

Initial condition (IC)-based approaches. Represented in Figure 2.6b, these approaches gener-

ate ensemble forecasts by running a data-driven model multiple times based on a number of

slightly different initial conditions. The techniques for generating initial condition ensembles

include:

• Gaussian noise perturbations (GNP): As shown in Figure 2.6b (left panel of the

UQ methods), Pathak et al. (2022) proposed perturbing the initial weather state from

the ERA5 dataset with Gaussian random noise to generate an ensemble of E = 100

perturbed initial conditions for FourCastNet. Given an initial condition Xtrue(k), they

generate an ensemble of E perturbed initial conditions
{

X (e)(k) = Xtrue(k)+σε
}E

e=1

by adding a normally distributed random variable ε ∼ N (0,1) of the same shape as

the initial conditions data, with unit mean and variance. This results in a set of initial

conditions used for ensemble data-driven forecasts (Pathak et al., 2022).

• Initial conditions from the ECMWF ensemble model: It is based on the work of

Buizza (2008), which details the generation of ensembles of initial conditions within

the ECMWF prediction system for use in ensemble forecasts (Figure 2.6b, middle panel

of the UQ methods). These initial conditions are produced using two different methods:

SV (discussed in Section 2.1.2) and Ensemble Data-Assimilation (EDA) Perturbations.

The EDA approach involves perturbing the observations, the atmospheric boundary

conditions such as sea-surface temperature, and the model physics during the assimila-

tion cycles. Buizza (2008) explores a combined approach that integrates both SV and

EDA-based perturbations. Their study proposes using the resulting set of perturbed ini-

tial conditions, generated by the physics-based ECMWF model, as inputs for ensemble

forecasts (Buizza, 2008). Since 2010, ECMWF has operationally used this combined

SV-EDA approach to generate initial condition ensembles by running multiple 4D-Var

data assimilations (Lang et al., 2019).

• Random field perturbations (RFP): Magnusson et al. (2009) suggested generating

initial conditions based on perturbations derived from randomly selected past atmo-

spheric states (Figure 2.6b, right panel of the UQ methods). This method constructs

perturbations as the difference between two independently analyzed atmospheric states,

rescaled to an appropriate amplitude for ensemble perturbations (Magnusson et al.,
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2009). The perturbations are calculated as follows, where xa
m represents the difference

between the model state vector of an ensemble member m and the analysis initially a:

xa
m = α

(ad1 −ad2)

|ad1 −ad2 |Etot

where α is a tuning constant to achieve sufficient ensemble dispersion, and ad1 , ad2

are the state vectors of the analysis from the dates d1 and d2, respectively. The dates

are chosen from the same season and different years. The resulting difference field is

normalized so that all perturbations have the same amplitude (Magnusson et al., 2009).

• Observation perturbation method: In this study, the observation perturbation method

introduced by Houtekamer et al. (1996) is employed to generate an initial condition

ensemble, with further details provided in Section 3.2.2. The generation of the initial

condition ensemble involves parallel data assimilation cycles using the ICON model

(detailed in Section 3.1.2) from DWD. These cycles are performed with systematically

perturbed observations, designed to maintain vertical correlations and adhere to global

statistical properties (Houtekamer et al., 1996).

Figure 2.6: Schematic illustration from Bülte et al. (2024) showing the different UQ approaches to generate
probabilistic forecasts from deterministic data-driven weather models. The figure distinguishes
between PH UQ approaches and IC-based approaches. For the IC-based approaches, the bottom
panels illustrate three methods for UQ: GNP on the left, Initial Conditions from the ECMWF
ensemble model in the middle, and RFP on the right.

Weyn et al. (2021) demonstrated that large data-driven ensembles improve subseasonal-to-seasonal

(S2S) forecasts compared to operational NWP models, which typically incorporate only a small
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number of ensemble members (Pathak et al., 2022). Large ensembles also enhance the accuracy

of data-driven predictions for extreme weather events in both short- and long-term forecasts

(Chattopadhyay et al., 2020).

Recently, the GenCast data-driven diffusion model (Price et al., 2025) has emerged as a new

approach for probabilistic forecasting. A diffusion model transforms noisy data into clean data

while directly learning to generate probability distributions (Ho et al., 2020), eliminating the

need for UQ methods explained above. GenCast produces 15-day ensembles of stochastic global

forecasts at a 0.25º resolution. Its probabilistic forecasts are well-calibrated and outperform the

ECMWF ensemble forecast (ENS), offering as well enhanced accuracy in predicting extreme

weather events and tracking tropical cyclones (Price et al., 2025). Furthermore, Neural GCM

(Kochkov et al., 2024), already introduced in Section 2.2.1, produces ensemble forecasts that

achieve competitive performance with purely data-driven models for one- to ten-day forecasts, and

with the ECMWF ensemble prediction for one- to fifteen-day forecasts (Kochkov et al., 2024). To

generate the ensemble, NeuralGCM introduces stochasticity by incorporating additional random

fields into the inputs of its neural network components, allowing the model to produce a range of

possible weather scenarios (Kochkov et al., 2024).

Until now, NWP methods have led in forecast accuracy and resolution, while data-driven models

showed their advantages in efficiency. However, these recent developments open a new chapter in

operational weather forecasting, supporting the ability of AI-based methods to accurately capture

high-dimensional and complex distributions.
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This chapter provides an overview of the data and methods used for the study. It begins with

a detailed description of the datasets and models in Section 3.1, including the ERA5 reanalysis

dataset, the ICON model for data assimilation, and the FourCastNet V2 model for data-driven

forecasting. The TEEMLEAP testbed is then explained in Section 3.2: the observation perturbation

method to create initial condition ensembles in Section 3.2.2, and the description of the assimilation

cycling environment in Section 3.2.3. The methodology behind the experiments conducted as an

extension of the TEEMLEAP testbed are presented in Section 3.3: an overview of the modified

testbed in section 3.3.1, the alternative methods for the generation of initial condition ensembles

in Section 3.3.2, and the probabilistic forecast with FourCastNet V2 in Section 3.1.3. Finally, the

methods for the evaluation of ensemble reliability are presented in Section 3.4.

3.1 Data Sources and Models

3.1.1 ERA5 Reanalysis Dataset

The dataset used as observations is ERA5, the fifth-generation reanalysis produced by the ECMWF

(Soci et al., 2024). ERA5 provides a detailed representation of global climate and weather over

the past decades, generated through data assimilation using the ECMWF IFS and observations

from the past. The data is accessible online (Hersbach et al., 2023). It covers the globe with a

TL639 (31 km) grid and using 137 hybrid sigma/pressure model levels from the surface up to a

height of 80 km. The dataset consists of a wide range of atmospheric, ocean-wave and land-surface

variables, available hourly from 1940 to present (Soci et al., 2024). For the purpose of this study,

the ERA5 data are remapped onto a 0.25º×0.25º regular latitude-longitude grid for the period from

27 August to 07 October 2022 (Wilhelm et al., 2024). The chosen study period aligns with the

cycling period used in the first version of the TEEMLEAP testbed, presented in Wilhelm et al.

(2024). This timeframe, transitioning from summer to autumn, is chosen to minimize the effects of

missing surface analyses (as sea-surface temperature and snow cover vary only little), which are not

included in this version of the testbed (Wilhelm et al., 2024). In this study, the vertical profiles of

four meteorological variables - temperature, relative humidity, geopotential height and horizontal

wind - are taken from ERA5 reanalysis data to generate pseudo-observation (PSO) profiles for the

assimilation, as will be explained in Section 3.2.2. In the testbed, profiles are created on 98 hybrid

model levels, from 40–137 (from surface to approximately 24 km altitude). Additionally, the ERA5

climatology for the period 1990–2020 is used for the evaluation of anomalies in predicted data.
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3.1.2 The ICON Model

ICON, developed jointly by DWD and the Max Planck Institute for Meteorology, serves as the

operational NWP model of DWD (Zängl et al., 2015). The prognostic variables include the

horizontal and vertical wind components, density, and virtual potential temperature. The ICON

dynamical core is formulated on an icosahedral-triangular Arakawa C grid. Time integration is

performed with a two-time-level predictor-corrector scheme that is fully explicit, except for the

terms describing vertical sound-wave propagation (Zängl et al., 2015). DWD uses the ICON model

on a global scale with a horizontal resolution of 13 km. Over the European region, it uses a refined

nest with a resolution of 6.5 km, and around 2.0 km in the local version over Central Europe. In

this study, ICON is employed for the assimilation process with PSAS by generating short-term

forecasts, serving as the background fields for the assimilation cycles. For this purpose, operational

ICON background fields from the DWD database are interpolated to a 26 km horizontal resolution

(R03B06) on 90 vertical levels (Wilhelm et al., 2024).

3.1.3 The FourCastNet V2 Model

FourCastNet, short for Fourier ForeCasting Neural Network, is a global data-driven weather

prediction model that provides accurate short to medium-range global predictions with a spatial

resolution of 0.25º (Pathak et al., 2022). To produce the high-resolution forecasts, it employs a

neural network architecture, the Adaptive Fourier Neural Operator (AFNO) model (Guibas et al.,

2022). It is particularly suitable for high-resolution inputs and integrates key recent advances in DL

into one model (Pathak et al., 2022). The AFNO model employs the Fourier Neural Operator (FNO)

learning method, developed by Zhang (2022) to model complex PDE systems, such those governing

fluid dynamics (Zhang, 2022). The FNO learns in a resolution-invariant manner, which allows

it to generalize well across different resolutions (Kabri et al., 2023). Additionally, AFNO model

incorporates a powerful vision transformer (ViT) backbone (Dosovitskiy et al., 2021), a neural

network architecture originally designed for computer vision tasks. The ViT divides an input image

into fixed-size non-overlapping patches (tokens) that are fed into the transformer. By combining

ViT with a Fourier transform-based token-mixing scheme, AFNO enables training high-fidelity

data-driven models (Pathak et al., 2022).

FourCastNet is trained on the ERA5 dataset, which was already explained in Section 3.1.1, and in

terms of practical use, it offers a notable advantage in computational efficiency. Although training

FourCastNet requires an energy investment comparable to running a 10-day forecast with 50

ensemble members in the Integrated Forecast System (IFS), generating a forecast with FourCastNet

is more efficient, requiring about 12,000 times less energy to generate a forecast than the IFS model

(Pathak et al., 2022). This makes it feasible to generate large ensemble forecasts at a relatively low

computational cost.

The FourCastNet Version 2 (V2) is used in this work, which employs Spherical Fourier Neu-

ral Operators (SFNO) for improved representation of nonlinear atmospheric dynamics. Instead
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of using flat Euclidean domains, which can handle global poles inaccurately, FourCastNet V2

employs a Spherical Harmonic Transform (SHT), designed for spherical geometries, to enable

more accurate and realistic simulations of global atmospheric dynamics (Zhou, 2024). Addi-

tionally, FourCastNet V2 is trained with denser vertical data, encompassing 13 pressure lev-

els, while maintaining the same spatial and temporal resolution as FourCastNet. Figure 3.1

Figure 3.1: From Bonev et al. (2023) - Diagram of the over-
all SFNO architecture. Encoder and decoder
MLPs inflate and deflate the channel dimension,
and at the core of the architecture lie N SFNO
blocks. A learned position embedding is added
in cases where position-dependent information
should be learned by the network.

depicts the overall structure of the SFNO

network Fϑ : un → un+1, which maps a

discrete state vector un at a time tn to the

state un+1 at time tn+1. The SFNO archi-

tecture consists of three main parts: An en-

coder network, multiple SFNO blocks, and

a decoder network. The encoder network

uses Multi-Layer Perceptron (MLP) layers

- fully connected neural networks - to in-

flate the channel dimension, projecting the

input data into a higher-dimensional fea-

ture space. The decoder deflates the data

back to the desired output dimensions. Be-

tween the encoder and decoder, the core

SFNO blocks model the dynamics of the data. Additionally, a learned position embedding is

included after the decoder layer to model spatial dependencies across the spherical domain.

3.2 The TEEMLEAP testbed

This section provides an overview of the TEEMLEAP testbed, used in this project. Developed

by an interdisciplinary team from KIT and DWD, TEEMLEAP serves as a global framework for

atmospheric prediction research. A general review of the testbed components is followed by a

detailed explanation of the PSOs generation process through observation perturbation, concluding

with an overview of the assimilation process within the Basic Cycling (BACY) Environment.

3.2.1 The TEEMLEAP testbed’s prediction chain

Implemented on KIT’s supercomputer HoreKa, the TEEMLEAP testbed emulates the entire

operational weather forecasting chain in a simplified yet realistic form, enabling a systematic

comparison of different configurations. At the same time, TEEMLEAP is sufficiently complex to

allow extensions to relevant scales and real-world problems (Wilhelm et al., 2024). It enables the

systematic investigation of key topics in weather prediction, including optimizing observational

systems, quantifying uncertainty, and developing hybrid systems that integrate AI components with

the existing physics-based models (Wilhelm et al., 2024).
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An overview of the TEEMLEAP prediction chain is shown in Figure 3.2. First, ERA5 reanalysis

data (see left panel of Figure 3.2) is used to draw PSOs, which are then perturbed to generate

perturbed PSOs (symbolized by the red balloon in the figure, because they mimic radio-soundings).

The perturbed PSOs are then input into DWD’s BACY environment for assimilation-prediction-

cycling experiments. These experiments use the Data Assimilation Coding Environment (DACE)

and the ICON modeling framework (see the middle panel of Figure 3.2). More concretely, the

TEEMLEAP testbed experiments are designed to allow: PSO-only, assimilation only, forecast-

only or verification-only experiments; full cycling experiments comprising all components from

the generation of PSO to verification; or experiments with combinations of several components.

Additionally, it provides interfaces for incorporating new data-driven components, and integrating

statistical and AI-based post-processing methods is also planned (Wilhelm et al., 2024).

Figure 3.2: Overview of the prediction chain for the TEEMLEAP testbed. The left panel shows a vertical
profile from the ERA5 reanalysis dataset. PSOs are derived from it and perturbed to generate
perturbed PSO profiles, mimicking radio-soundings (symbolized by the red balloon). The middle
panel represents the assimilation-prediction-cycling experiments performed using DWD’s BaCY
environment, which incorporates DACE and ICON. The panels on the right show the forward
integration with ICON, using the output from the assimilation step, and the verification step.

3.2.2 Observation perturbation method

This section explains the generation of perturbed PSOs from ERA5 data for assimilation, following

the method of Houtekamer et al. (1996), implemented in the MSC. This is the first step of the

TEEMLEAP prediction chain represented in Figure 3.2.

First, ERA5 data is interpolated onto a Fibonacci lattice, a grid structure that distributes the

interpolated stations almost uniformly and isotropically over the globe. The Fibonacci lattice is

derived from the Fibonacci sequence, a series of numbers where each value is the sum of the two

preceding numbers. Unlike the standard latitude-longitude grid, this structure avoids the issue of

converging meridians near the poles and eliminates the need for Fourier filtering (Swinbank and

James Purser, 2006). The resulting vertical profiles from this interpolation are referred to as PSO

profiles. The number of PSO stations can vary from 0 to approximately O(10,000) (Wilhelm et al.,

2024). Figure 3.3 provides two examples, showing configurations with 1,000 (panel a) and 2,000

(panel b) globally Fibonacci-distributed PSO stations.
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Figure 3.3: From Wilhelm et al. (2024), illustration example of the horizontal locations (dots) of the PSO
stations on a Fibonacci lattice. The dots are colored according to the near-surface temperature on
30 September 2022 (00 UTC). The left panel (a) shows a configuration with 1,000 points, and the
right panel (b) shows a configuration with 2,000 points. The Fibonacci lattice ensures a nearly
uniform and isotropic distribution, which is a good approximation for locations equidistantly
spaced.

For each vertical PSO profile, standard error profiles that simulate realistic uncertainties, are

required prior to the assimilation, for the optimization procedure. These error profiles are nec-

essary, as ERA5 values are not perfect. Without error profiles, observations would be treated

as “perfect”, receiving all the weight and ignoring the model first guess during the assimilation.

In the testbed, this is achieved by diagnosing the typical ERA5-intrinsic error profiles using the

method from Desroziers et al. (2005). These diagnostics are based on combinations of observation-

minus-background, observation-minus-analysis, and background-minus-analysis differences, which

provide a consistency check of an analysis scheme. The iterative procedure is conducted for several

test cycling periods up to 1 month with O(1,000) globally distributed PSO stations (Wilhelm et al.,

2024).

These diagnosed error profiles, called intrinsic error profiles, reflect the minimum uncertainty

expected in observations. The profiles follow a Gaussian distribution centered at 0 with a standard

deviation σERA5(p), which is defined globally. They embody three main sources of error: instrument

error, which accounts for inaccuracies in the measurement process; representativeness error, which

accounts for the subgrid-scale atmospheric phenomena not resolved by the model or the analysis;

and observation operator errors, which originates from the transformation of model variables

into observation space (Wilhelm et al., 2024; Kalnay, 2002). Concretely, only the fix/prescribed,

diagonal random component of the error is considered. Adding them to the PSOs, the vertical

profiles obtained are called “best-possible observations” or unperturbed PSOs, as they are considered

the optimal estimate of the unknown true state of the atmosphere.

In scenarios where observational quality is assumed to be lower – i.e., with higher observation

errors –, additional perturbations are added to the PSOs (Wilhelm et al., 2024). These perturbation

errors increase the total observation error by introducing additional variability to the intrinsic errors.

The standard deviation of the assumed global Gaussian-like distribution of these perturbation errors

profiles is prescribed as follows (Houtekamer et al., 1996):
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σpert(p) =
√

f (p)2 −1 ·σERA5(p) (3.1)

in which f (p) is a chosen pressure-dependent perturbation factor, that allows for the construction of

arbitrary total error profiles. However, in this study, a constant value of f is used across all pressure

levels.

Figure 3.4 shows an illustration of the perturbation profiles and their statistics. It is important to

distinguish between the perturbation profiles (grey lines), which represent the individual vertical

perturbation profiles for each PSO station; and perturbation error standard deviation profile

(orange line), which is also a vertical profile, but reflects the standard deviation of the Gaussian-like

distribution conformed by all the perturbation profiles at each pressure level. Additionally, the

orange dotted line represents the theoretical standard deviation of the Gaussian distribution of

perturbation profiles, assuming an infinite number of PSO stations. The figure also shows the

standard deviation of the Gaussian-like distribution conformed by all the total error profiles (blue

line), which account for both intrinsic and perturbation errors and is given by:

σ(p)2 = σERA5(p)2 +σpert(p)2, (3.2)

and therefore:

σ(p) = f (p) ·σERA5(p) (3.3)

Figure 3.5 provides an illustrative sketch summarizing the connection between the defined errors.

By setting the parameter f (constant across all pressure levels), and knowing the intrinsic error

global statistics σERA5(p), then the perturbation error standard deviation profile σpert(p) is derived.

The globally distributed intrinsic errors at one single pressure level p = p j, follow the gray-shaded

Gaussian distribution with standard deviation σERA5(p j); and the globally distributed perturbation

errors at p = p j, follow the blue-shaded distribution with standard deviation σpert(p j). The total

errors, resulting from the combination of intrinsic and perturbation errors as defined by Equation

3.2.2, at a given pressure level p = p j follow the red-shaded Gaussian distribution on the right-hand

side with a standard deviation of σ(p j).

The individual perturbation profiles are then constructed to satisfy the constraints previously

discussed, while ensuring plausible and smooth profiles (Wilhelm et al., 2024). As mentioned, the

default method in the TEEMLEAP testbed follows the approach from Houtekamer et al. (1996),

using eigenvectors of a vertical covariance matrix. The sketch in Figure 3.5 also outlines the

construction of the covariance matrix from the perturbed standard deviation profiles σpert(p),
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3.2 The TEEMLEAP testbed

Figure 3.4: From Wilhelm et al. (2024), illustration of exemplary observation perturbation profiles for three
meteorological variables: (a) temperature, (b) relative humidity and (c) zonal wind. The light grey
lines depict N = 100 individual perturbation profiles generated, while the dark grey line represents
a randomly chosen profile. The purple line shows the mean of the observation perturbations, and
the orange line is the standard deviation of all the perturbation profiles. The ochre line shows
the theoretical perturbation standard deviation, which reflects the standard deviation expected
if there were an infinite number of PSO stations. The blue line indicates the theoretical total
observation error profile, incorporating both perturbation errors and intrinsic errors from ERA5.

using the method from Houtekamer et al. (1996). The vertical covariance matrix is defined as the

Hadamard product of a diagonal “perturbations matrix” and a correlation matrix, P:

C= [σpert(pk)σ
T
pert(pk)]◦P (3.4)

The subscript k is introduced here to indicate that the error profiles are actually discretized across

K levels rather than being continuous functions. This is because the intrinsic ERA5 error profiles

are initially diagnosed on 14 significant pressure levels between 1000 hPa and 30 hPa, and then

interpolated onto K = 1,030 levels between 1,030 hPa to 1 hPa spaced by 1 hPa, to obtain σERA5(pk).

The “perturbations matrix” is therefore a K ×K diagonal matrix where each diagonal element

corresponds to the square of the perturbation error standard deviation at the respective pressure level.

On the other hand, the correlation matrix elements are defined by a Gaussian-shaped correlation

function (Errico et al., 2013):

ρ(pi, p j) = exp

[
−0.5

(
RgTo(ln pi − ln p j)

gLv

)2
]

(3.5)

where pi and p j are any two pressure levels. The diagonal elements, where i = j, are always

equal to 1. In this equation, Rg is the gas constant, To is an approximate tropospheric mean

temperature, and g is the acceleration of gravity. Lv is the vertical decorrelation length scale, which

governs the correlation between different pressure levels. In the testbed, Lv is set to 500 m for wind

and temperature, and 180 m for relative humidity (Errico et al., 2013), because relative humidity

has smaller-scale variability in the troposphere due to cloud, precipitation and mixing processes
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(Wilhelm et al., 2024). If Lv ≈ 0, the correlation matrix would become diagonal, resulting in

uncorrelated random sounding perturbations (Errico et al., 2013). However, with a non-diagonal

correlation matrix (as in this case), vertically correlated perturbation profiles for each PSO station

are obtained.

Figure 3.5: Schematic representation of the relationship between the different errors. The parameter f and
the intrinsic error standard deviation σERA5(p) are used to derive the perturbation error standard
deviation profile σpert(p). The total error standard deviation is obtained as a combination of the
intrinsic and perturbation errors. Gaussian distributions for each error type at a given pressure
level p = p j are shown. At the bottom, the sketch illustrates how these perturbation statistics
contribute to the construction of the covariance matrix, following the method of Houtekamer
et al. (1996).

To generate individual perturbation profiles that account for vertical correlations while following

the global statistics σpert(pk), an eigenvector analysis is performed on the vertical covariance

matrix C. This analysis results in K eigenvectors and eigenvalues. In our case, K = 1030, because,

as mentioned, the perturbation error standard-deviation profiles σpert(pk) are generated for 1030

pressure levels.

For each variable and PSO station, random numbers wk, drawn from a standard normal distribution

N(0,1), serve as weighting factors for constructing the perturbation profiles. These random

numbers are independently generated using a predefined random seed, set with the NumPy’s

np.random.seed(“seed”) function. Once the seed is defined, each call to the random number

generator advances the sequence, such that different sets of weighting factors wk are obtained

for each variable and station. Examples of the random seeds used will be provided in Section

3.3.2. The perturbation profiles are then obtained by multiplying the eigenvectors vk with their

corresponding eigenvalues λk, and modulating their contribution with the random weights wk,

following the method of Houtekamer et al. (1996). Mathematically, this is expressed as:

PP(pk) =
K

∑
k′=1

wk′λk′vk′(pk) (3.6)
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Here, k′ indexes the eigenvectors, their associated eigenvalues, and the corresponding random

weights, with a total of K modes, as determined by the size of the covariance matrix. Since each

eigenvector vk′ has K components, the resulting individual perturbation profiles also PP(pk) span

K discrete pressure levels pk.

By adding both the intrinsic errors and the perturbation errors to the PSOs, the perturbed PSOs

are obtained. However, a mapping process is required before adding the error: the generated error

profiles on 1,030 pressure levels are remapped to the closest 98 pressure levels corresponding to the

ERA5 model levels (and therefore, the PSOs levels), assuming a surface pressure of 1,013.25 hPa.

This mapping process is necessary because PSO derived from ERA5 include observations on

pressure levels that may vary spatially (Wilhelm et al., 2024).

Both the perturbed PSO profiles and their corresponding statistics, defined by the total error standard

deviation profiles σ(pk) (from Equation (3.2.2)), are then used as inputs for the assimilation

process. While the assumption of Gaussian-distributed errors seems valid for all variables, it is

not appropriate for humidity, which is inherently not Gaussian-distributed (Wilhelm et al., 2024).

Despite this, the testbed currently accepts this non-optimal use of humidity observations. To address

the issue, any humidity values in the perturbed PSOs that are smaller than 0% or larger than 100%

are eliminated before the assimilation.

3.2.3 BACY Cycling Environment

In the second step of the TEEMLEAP testbed, the ERA5-generated perturbed PSOs serve as

inputs for the data assimilation process within the BACY Environment, illustrated in Figure 3.2 as

the Assimilation cycle. The BACY Environment is a framework developed at DWD to manage

the NWP chain, handling both data assimilation and forecasting. This environment is developed

for experimentation and has been applied in numerous assimilation-related studies (Ruckstuhl

and Janjić, 2020; Zeng et al., 2021; Reimann et al., 2023). The integration of perturbed PSOs is

managed within BACY using the global DACE environment. For this study, DACE is configured for

a 3-hour assimilation cycle, but it can be adjusted for 6-hour or 12-hour intervals. Each assimilation

(ASS) cycle initiates a 3-hour forecast with the ICON modelling framework to generate the

background state (first guess). The ASS cycles are started on 01 September 2022 (00 UTC) based

on the operational ICON background from the DWD database interpolated to a 26 km horizontal

resolution (R03B06) on 90 vertical levels. The cycling is done until 06 September 2022 (00 UTC),

resulting in a total of 160 assimilation cycles.

The 3D-Var-based PSAS, introduced in Section 2.1, is applied to integrate observational data into

the model (Wilhelm et al., 2024). The ICON background values are interpolated from the model

grid onto the observation locations, corresponding to the PSO stations and the 98 vertical levels

from ERA5. This mapping is performed internally in DACE, by applying the observation operator

H to the ICON model’s background fields. Then, the 3D-Var minimization problem is solved only

for the observation locations, which is computationally more efficient than 3D-Var algorithms

that operate in model space. The intermediate solution vector w is then mapped back from the
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observation space to the model state space (grid), such that the analysis resides in the ICON model’s

state space at a resolution of 26 km on 90 vertical levels.

Based on the output from the ASS cycle period, BACY conducts a medium-range forecast (MAIN),

for any lead time given by the user. The ICON model is primarily used for these MAIN fore-

casts; however, the TEEMLEAP testbed also provides interfaces for integrating new data-drive

components (Wilhelm et al., 2024), as is the case in this study, as discussed in the next section.

The verification (VERI) cycle follows, calculating the model equivalents of the observations (i.e.,

interpolating model values to match the time and location of real observations). This step evaluates

the model’s accuracy by directly comparing forecast outputs against observations (Wilhelm et al.,

2024).

3.3 Extensions to the TEEMLEAP testbed

This section provides an overview of the experiments conducted in this project as an extension to

the TEEMLEAP testbed, to explore different approaches for data-driven weather prediction within

the TEEMLEAP testbed. It begins with a general review of the focus of the experiments, followed

by an explanation of the process to generate an initial condition ensemble within the testbed, and

the subsequent use of the deterministic data-driven model FourCastNet V2 to forward integrate the

ensemble and obtain a probabilistic forecast.

3.3.1 Overview of the experiments performed

In this study, the TEEMLEAP testbed is utilized to explore ensemble prediction using perturbed

initial conditions and the FourCastNet V2 model. This approach is illustrated in Figure 3.6, which

is expanded from the Figure 1.1 presented in the introduction. For simplicity, the figure illustrates a

3-member ensemble, while the actual experiments performed employ 10-member ensembles. The

experiments within the TEEMLEAP testbed focus on the following points:

• The observation perturbation method proposed by Houtekamer et al. (1996) and explained in

Section 3.2.2, is applied to create five different 10-member ensembles of perturbed PSOs for

data assimilation. Each ensemble is generated by applying one of the five different PSOs

perturbation methods that will be detailed in Section 3.3.2. The left panel of Figure 3.6

represents one single ensemble of perturbed PSO profiles derived from the ERA5 reanalysis

dataset (source data). For this ensemble, parallel assimilation cycles are performed using the

ICON model’s first guess (second panel), resulting in an optimized initial condition ensemble.

The sequence: Perturbed PSO ensemble → Parallel assimilation cycles → Initial condition

ensemble is repeated for each of the five perturbation methods, obtaining five different initial

condition ensembles.

• The forward integration is performed using one of the initial condition ensembles, as will

be detailed in Section 3.3.3. In this step, the deterministic, data-driven model FourCastNet
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Figure 3.6: Overview of the experiments performed within the TEEMLEAP prediction chain expanded
from Figure 1.1. For simplicity, the figure illustrates a 3-member ensemble, while the actual
experiments performed utilize a 10-member ensemble. The left panel shows an ensemble of
vertical profiles derived from the ERA5 reanalysis dataset (source data), representing perturbed
PSOs designed to mimic radiosondes (symbolized by the red balloon). The second panel
illustrates the parallel assimilation-prediction-cycling experiments performed for each perturbed
observation set within the 10-member ensemble, using DWD’s BaCY environment, which
incorporates DACE and ICON. The third panel represents the forward integration of each
ensemble member’s analysis using the data-driven FourCastNet V2 model. The last panel
represents the verification step of the prediction chain.

V2 is tested, performing parallel forward integrations separately from the data assimilation

process with the NWP-based model ICON. Thus, a data-driven model is used instead of the

default NWP-based model ICON model in the TEEMLEAP testbed. This step produces a

data-driven probabilistic forecast, and is represented in the third panel of Figure 3.6.

3.3.2 Generation of initial condition ensembles within the testbed

Section 3.2.2 described the procedure for generating one set of globally distributed perturbed PSO

profiles, from ERA5 data. However, to construct an initial condition ensemble for generating a

probabilistic forecast, an ensemble of perturbed PSOs is required. To achieve this, the parameters

for the construction of perturbed PSOs are differently modified.

In this study, five methods for differently perturbing the PSOs are tested. Each method focuses on

certain parameters or their combinations to generate a 10-member ensemble of globally distributed

perturbed PSOs (in total, five ensembles are generated). The details of each method are discussed

below, with explanations that refer to the abstract 2D sketch in Figure 3.7 for better understanding.

Table A in the Appendix provides a summary of the parameters used in each experiment.

Changing-seed: In this method the random seed is varied for each of the 10 members of the

ensemble of perturbed PSOs. This ensures that the sets of random weighting factors - which

determine the contribution of each eigenvalue and eigenvector in generating individual

vertical profiles - differ across the 10 independently perturbed PSO files. However, within

each member, the seed is the same across the assimilation steps, ensuring that the weighting
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Figure 3.7: Abstract 2D sketch illustrating the perturbation methods for generating ensembles of perturbed
PSO. The pink lines represent analyses resulting from the method of changing-seed perturbed
observations, while keeping the f parameter constant (the bold pink line corresponds to f = 1,
representing perfect observation quality). The light blue line corresponds to analyses obtained by
varying the f parameter while keeping the seed constant. The combined method of changing
both the seed and f parameter explores the entire space enclosed by the pink line and the dark
blue dotted line, representing a broader range of analyses.

factors for each individual PSO profile do not vary throughout the assimilation process.

Examples of seed values used include 777 for Experiment 1, and 247229 for Experiment 2,

while the complete list of values can be found in Table A in the Appendix. Meanwhile, the f

parameter is kept constant with a value of 2.0, such that the observational error during the

assimilation is the same for all the ensemble members.

In the abstract sketch (Figure 3.7), this method corresponds to moving along the pink line,

maintaining a constant “distance” to the background, as the observational error (determined

by f value) remains unchanged. The thin light pink lines indicate that the position of the

changing-seed resulting analysis depends on the chosen f value. The bold pink line represents

the case where f = 1, meaning perfect observation quality, where observations are given full

weight in the assimilation. In the case of this study, with f = 2, the pink line is placed closer

to the center of the sketch.

This approach mirrors the method used by Houtekamer et al. (1996) and the CMC for gener-

ating an analysis ensemble, in which different random values are applied to the eigenvalues

and eigenvectors to construct the perturbation profiles. As a result, the PSOs are perturbed in

agreement with their error statistics, and it is the random variation between members that

contributes to creating ensemble spread.

Changing-f: The f parameter, which governs the global statistics of total and perturbation error

profiles, is varied for each of the 10 members of the ensemble of PSOs. In the assimilation

experiments for this study, the f parameter ranges from 1.0 to 3.5 in 0.25 increments, with
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each ensemble member assigned a different value. While the random seed remains constant -

ensuring that the individual vertical profiles are weighted the same way across the ensemble -

the variation in f changes the global observation error statistics, and with it, the quality of

the observations. A smaller f value corresponds to higher observational trust, while a larger

f value indicates greater observational error (lower observational trust), thereby reducing

the PSOs influence on the analysis. This method therefore accounts for different levels of

observational error within the ensemble, contributing to creating spread among the ensemble

members.

Varying the f parameter while keeping the seed constant results in an analysis placed along

the light blue line in the sketch shown in Figure 3.7. The exact abstract position of the analysis

depends on the value of f : lower f values place the analysis closer to the observations (red

point), while higher f values place it nearer to the background (dark blue point). For this

study, the lowest f value is 1.0, and the highest is 3.5.

Changing-seed-f: In this perturbation method, a different seed value is set for each ensemble

member, together with a varying f parameter that ranges from 1.0 to 3.5 in increments of

0.25. Therefore, the variation of both the observational error and the randomness in the

construction of each individual perturbation profile, contribute to create spread.

In the abstract sketch shown in Figure 3.7, this method corresponds to moving across the

entire space enclosed by the pink line and the dark blue dotted line. This represents a broader

range of analyses within the ensemble.

Changing-n: In this method, each of the 10 members of the ensemble of perturbed PSOs is

generated using a different number of PSO stations, referred to as “n” for simplicity. The

number for each set ranges from 200 to 2000, increasing in increments of 200. Consequently,

the ensemble members with a larger n have a finer spatial resolution. This enhanced resolution

allows for a more accurate representation and a higher sensitivity to synoptic-scale phenomena

like Rossby waves or convective systems. Therefore, it is possible to have ensemble spread

between ensemble members by changing the number of perturbed PSO stations and capturing

different sensitivities to these phenomena.

This method is not represented in the sketch in Figure 3.7. However, in that abstract space,

it would be conceptually equivalent to moving along a pink line, as all ensemble members

would have the same weight for observations during the assimilation process.

Changing-seed-f-n: Each of the 10 members of the ensemble of perturbed PSOs is created with

a different seed for the individual profiles generation, a different value for the f parameter

(ranging from 1.0 to 3.5 in 0.25 increments), and a different n (ranging from 200 to 2000 in

200 increments).

This approach corresponds to moving across the entire space enclosed by the pink line

and the dark blue dotted line in the sketch. Additionally, the variation in n introduced an

31



3 Data and Methods

extra degree of freedom among ensemble members, accounting for different resolutions and

representations of atmospheric features across the ensemble.

3.3.3 Data-driven ensemble prediction using FourCastNet V2

For each of the five observation perturbation methods outlined in Section 3.3.2 (summarized in

Table A in the Appendix), a 10-member perturbed-PSO-ensemble is generated and used in parallel

ASS cycles within the TEEMLEAP testbed. The details of the assimilation experiments performed

in this study are discussed in Section 3.2.3. The assimilation period for one selected method is

extended to 20 days, producing analyses from 1 September to 20 September 2022 (00 UTC) at

3-hour intervals.

In this study, instead of conducting subsequent MAIN experiments with BaCy using ICON, the

outcome from the assimilation process of the selected observation perturbation method is used to

separately initiate forward integrations with FourCastNet V2. These forecasts are then evaluated

using probabilistic verification techniques. To achieve this, the initial conditions generated during

the assimilation experiments are transformed into a format compatible with FourCastNet predictions

using the ai-models tool written by Wilhelm et al. (2024).

The substitution of FourCastNet V2 in place of the MAIN experiments with ICON is shown in

Figure 3.6. A total of 10 parallel forecasts are produced, forming the probabilistic forecast. More

specifically, 10 deterministic FourCastNet V2 forecasts are initialized daily at 00 UTC from 6

September 2022 to 20 September 2022, each with a leadtime of 360 hours and data output every 6

hours, resulting in 60 time steps per forecast.

3.4 Evaluation of Ensembles with RMSE and Spread

Ensemble prediction systems often exhibit underdispersion, as they tend to overlook certain sources

of uncertainty (Fortin et al., 2014). In this work, the reliability of the ensemble prediction system is

evaluated by comparing the root-mean-square error (RMSE) of the ensemble mean to the average

ensemble spread. Following the mathematical derivation from Fortin et al. (2014), the average

ensemble spread will be computed as the square root of average ensemble variance.

3.4.1 RMSE and Spread calculation

The RMSE measures the mean difference between the forecast ensemble mean and the truth,

providing a sense of the overall deviation of the forecast from the truth (Yu et al., 2014). It is

defined as the square root of the average of the squared differences between the ensemble mean at

each time t and the corresponding observation:
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RMSE =

√
1
T

T

∑
t=1

(
X t − yt

)2 (3.7)

where T represents the number of time steps (defined differently for the analysis and the forecast,

as will be explained later), X t is the ensemble mean of the R members Xt = {Xt,r, r = 1, ...,R}, and

yt is a set of T observations made a different times t.

Second, an unbiased estimator for the ensemble spread is given by Equation 3.8. It represents un-

certainty in the forecast ensemble, capturing the differences between individual ensemble members

at each time step (Fortin et al., 2014):

(s2
t )

1/2 =

√
1
T

T

∑
t=1

1
R−1

R

∑
r=1

(
X t −Xt,r

)2 (3.8)

By combining equations 3.7 and 3.8, it follows that for a finite number of cases T, the following

relationship should be approximately verified, with a correction factor depending on the ensemble

size R:

RMSE ≈

√(
R+1

R

)
(s2

t )
1/2 (3.9)

The correction factor serves to better represent uncertainty in small ensembles, assuming exchange-

ability between each ensemble member and the observation, but not between ensemble members

(Fortin et al., 2014). For sufficiently large ensemble sizes, the correction factor that depends on R

vanishes, such that the equation simplifies to:

RMSE ≈ (s2
t )

1/2 (3.10)

This expression assumes an infinite number of ensemble members and does not account for en-

semble size limitations. As an example, Figure 3.8, taken from (Fortin et al., 2014), shows the

comparison of both equations, for the case of the Global Ensemble Prediction System (GEPS)

(Gagnon et al., 2013) from the Environment and Climate Change Canada (ECCC). The mathemat-

ical derivation from Fortin et al. (2014) shows the improved representation of the spread when

calculating it as the square root of the average ensemble variance, instead of as the average standard

deviation of ensemble forecasts, as done in many other studies (Charron et al., 2010; Gagnon et al.,

2013).
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Figure 3.8: Plot taken from Fortin et al. (2014). RMSE and ensemble spread of the GEPS (Gagnon et al.,
2013) from the ECCC, as evaluated in Fortin et al. (2014). The values are shown as a function of
leadtime for 500-hPa height forecasts during the winter of 2011 (Fortin et al., 2014). This analysis
exemplifies an RMSE/spread evaluation of a well-calibrated ensemble system, characterized by
the alignment of RMSE and spread over time. It shows the comparison of Equation 3.9 (with
correction factor) and Equation 3.10 (without correction factor for small ensembles).

3.4.2 Weighted global average of RMSE and Spread

In this study, both the weighted global average RMSE and the spread will be compared. To do so,

the weighted global average is applied to both RMSE and spread values:

RMSEGlobal average =
1
N

M

∑
m=1

N

∑
n=1

L(m)

√
1
T

T

∑
t=1

(
X t [m,n] − yt [m,n]

)2 (3.11)

(s2
t )

1/2
Global average =

1
N

M
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m=1

N

∑
n=1

L(m)

√
1
T

T

∑
t=1

1
R−1

R

∑
r=1

(
X t [m,n] −Xt,r[m,n]

)2
, (3.12)

where the spatial location is denoted by the grid co-ordinates (m,n) and the weighting factor is:

L(m) =
cos(m)

∑
M
m=1 cos(m)

. (3.13)

This leads to the following relationship:

RMSEGlobal average ≈ (s2
t )

1/2
Global average (3.14)

Or, with the correction factor for small ensembles:
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RMSEGlobal average ≈

√(
R+1

R

)
(s2

t )
1/2

Global average (3.15)

As a global average, a larger spread indicates greater general differences between the forecast

charts (ensemble members), while a smaller spread suggests convergence among them. However,

it is important to interpret spread with caution, as it does not reflect flow patterns but rather the

uncertainty at each grid point (ECMWF, 2024b). For example, two similar looking forecast charts

might have large differences (which translates in a large globally averaged spread) if they contain

systems with strong gradients that are slightly out of phase. Conversely, two synoptically different

charts might display a small overall spread if weak gradients dominate (ECMWF, 2024b).

Two different spread-skill relationships are evaluated: one for the analysis and one for the forecasts.

For the analysis, the time mean of the RMSE over the entire cycling period T is computed, as

shown in Equation 3.7, such that it reflects the overall error across the period, providing a stable

measure of the performance of the assimilation system. On the other hand, the time mean is omitted

from the spread calculation in Equation 3.8, resulting in a spread that varies with the cycling time

step. As more observations are assimilated in each time step, the spread tends to increase slightly,

because additional information is being integrated as the assimilation cycles progress.

For the forecast evaluation, the time mean is applied over all the initialization time steps for both

the RMSE and the spread, so that the globally averaged values depend on the forecast lead time,

providing an assessment of the forecast reliability.

3.4.3 Anomaly Correlation Coefficient (ACC) calculation

To evaluate the dispersion between two deterministic forecasts generated using different initial

conditions, the latitude weighted ACC is used as a metric. The ACC reflects the pattern correlation

between predicted and analyzed (truth) anomalies, highlighting errors in the position and strength

of atmospheric flow regimes. Following Pathak et al. (2022), ACC for a certain variable, is defined

as:

ACC =
∑m,n L(m)X̃pred, t [m,n]√

∑m,n L(m)
(

X̃pred, t [m,n]
)2

∑m,n L(m)
(

X̃true, t [m,n]
)2

(3.16)

where X̃pred, t is the anomaly of the forecast at a certain leadtime (t), calculated as the difference

between the forecast prediction and the climatology; and X̃true, t is the anomaly of the truth,

calculated as the difference between the true state and the climatology.

35





4 Results

The main objectives of this study were outlined in the introduction. This section is organized to

revisit each of those objectives, presenting the results obtained at every stage. The ultimate goal is

to enable probabilistic forecasting using FourCastNet V2 within the TEEMLEAP testbed.

4.1 Evaluation of the ICON initial conditions from the
TEEMLEAP testbed for running data-driven
forecasts using FourCastNet V2

Since FourCastNet V2 is trained on ERA5 data produced by the ECMWF IFS model, it relies on

initial conditions with a similar format to those of ERA5 to apply the SFNO network to predict

their dynamics at later time steps (Pathak et al., 2022). However, in the TEEMLEAP testbed, the

data assimilation process to produce initial conditions is performed by the ICON model from DWD.

As a result, the output analysis differs in format from IFS ECMWF, making it incompatible with

FourCastNet V2 predictions. Before generating forecasts using FourCastNet V2 in the TEEMLEAP

testbed, a sanity check is required to confirm that ICON-generated initial conditions can be used

and that FourCastNet V2 will produce reasonable forecasts based on these fields. To address this,

the ai-models tool written by Wilhelm et al. (2024) is utilized to transform the ICON analysis

obtained from the assimilation cycle of TEEMLEAP testbed experiments, into initial conditions

readable by FourCastNet predictions. This analysis post-processing step supports the integration of

data-driven models within the TEEMLEAP testbed.

The sanity check consists of generating initial conditions using the ICON model from the TEEM-

LEAP assimilation cycle. The assimilation is conducted using the PSAS system with a 13-km

ICON background (R03B07) from the operational DWD archive and perturbed PSOs derived from

ERA5. The PSO stations are located at 1,000 points uniformly distributed with 97 vertical levels,

and slightly perturbed ( f = 2) with vertical correlation. The generated initial conditions are then

converted into a readable format by FourCastNet V2 using the ai-models tool. Then, a deterministic

FourCastNet V2 forecast based on them is compared to a deterministic FourCastNet V2 forecast

produced using the deterministic operational ECMWF IFS initial conditions.

The chosen period for this sanity check is selected based on the work from Zhou (2024) on the

record-breaking 2021 Pacific Northwest Heat Wave, which occurred between 27 June and 1 July

2021. Figure 4.1 shows the global anomalies of 2 m temperature relative to the ERA5 30-year

climatology (1990–2020). The figure includes subplots comparing forecasts initialized with IFS
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and ICON initial conditions at three leadtimes: initial conditions (21 June 2021 – before the heat

wave), 144 h leadtime (27 June 2021 – first day of the heat wave), and 312 h leadtime (4 July

2021 – after the heat wave event). The temperature anomalies at the initial conditions are nearly

identical between the two datasets. Both forecasts successfully capture the heat wave occurrence

on the 27 June 2021, as anomalously high values of the temperature in the Northwest American

continent. Post-heat wave anomalies on the 4 July 2021 also exhibit consistent patterns between

the two forecasts. While the general behavior across other parts of the world is very similar, some

differences are noticeable, particularly at 312-hour leadtime in areas surrounding Antarctica and

northern Russia. Nevertheless, these differences remain in a reasonable range of uncertainty for

this long lead-time.

Figure 4.1: Global anomalies of 2 m temperature (K) for different leadtimes during the 2021 Pacific North-
west Heat Wave. Anomalies are computed with respect to the 30-year climatology from ERA5
(1990-2020). The left column ((a), (c), (e)) shows forecasts initialized with IFS initial conditions,
and the right column ((b), (d), (f)) shows forecasts initialized with ICON initial conditions. Panels
represent leadtimes of (a), (b) 0 h (21 June 2021, prior to the heat wave); (c), (d) 144 h (27 June
2021, first day of heat wave); and (e), (f) 312 h (4 July 2021, after the heat wave).

The applicability of ICON initial conditions generated from the TEEMLEAP testbed is further

tested using the verification statistics of the ACC and the RMSE. Figure 4.2 presents the evolution

with leadtime of these metrics (for the corresponding equations, refer to Section 3.4) of the forecasts

for 500-hPa geopotential Z500 and 10 m zonal wind U10. The left panels show the ACC, while

the right panels depict the RMSE. Both metrics are computed as global averages to better reflect
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the global behavior, as FourCastNet V2 is run globally. They are calculated using ERA5 data

as the truth, and the climatology from ERA5 for the ACC. The results show that deterministic

FourCastNet V2 forecasts, initialized with ICON initial conditions from the TEEMLEAP testbed,

perform slightly better at longer leadtimes: they show higher ACC values and lower RMSE beyond

120 hours, compared to forecasts initialized with ECMWF IFS initial conditions.

Figure 4.2: Evolution of ACC (left panels) and RMSE (right panels) as a function of forecast leadtime for
(a, b) 500-hPa geopotential height Z500 and (c, d) 10-m wind speed (U10m). The blue line
represents FourCastNet V2 forecasts initialized with ICON initial conditions, and the red line
represents forecasts initialized with IFS initial conditions. Results are averaged globally, with
ACC computed using anomalies from the 30-year ERA5 climatology (1990–2020) and using
ERA5 analysis as the truth for both ACC and RMSE.

As RMSE here represents the global mean errors, regional variations might exist as it was seen in

Figure 4.1, with ICON or IFS potentially performing somewhat better in specific areas. Nevertheless,

the very similar evolution of ACC and RMSE in both forecasts confirms that ICON initial conditions

are suitable for running deterministic FourCastNet V2 forecasts. This is the first successful use

of ICON initial conditions generated in the TEEMLEAP testbed for running a pre-trained version

of FourCastNet, serving as a sanity check that there are no technical issues and that forecasts are

meteorologically plausible. This is the first step for implementing data-driven models for forward

integration within the testbed, facilitated by the accessibility of the FourCastNet V2 code. Other

data-driven models besides FourCastNet V2 can be easily integrated into the existing TEEMLEAP

testbed structure, provided that they are open-source and ready-to-use. Notably, the DWD is now

developing a data-driven weather prediction model based on data from its ICON model, called

Artificial Intelligence ICON (AICON) (ECMWF, 2024a). This effort is part of Anemoi, a new

community-based collaborative open-source initiative between a range of national meteorological

services across Europe, including ECMWF (ECMWF, 2024a). It aims to enable meteorological

organizations to train ML models with their own data. This highlights the interest in integrating

ICON-based initial conditions into data-driven approaches.
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4.2 Generation of ICON-based initial condition
ensembles for data-driven ensemble prediction

4.2.1 Comparison of observation perturbation methods for initial condition
ensemble generation

This section focuses on the production of an optimized initial condition ensemble by exploring

different approaches based on the method from Houtekamer et al. (1996), introduced in Section

3.2.2. While they generated ensembles by randomly perturbing observations, this study compares

three different ways of perturbing, as well as two combinations of them.

Assimilation experiments setup

By systematically varying the parameters in each of the observation perturbation methods, five

10-member perturbed PSO ensembles are created. The five different methods are: changing-seed,

changing- f , changing-seed- f , changing-n, and changing-seed- f -n. For more details about the

concrete parameter values used in each perturbation method, refer to Section 3.3.2. Once a perturbed

PSOs ensemble is generated, its members serve as input for parallel data assimilation cycles using

the ICON model within the TEEMLEAP testbed, resulting in an analysis ensemble. This procedure

is repeated for each of the five perturbed PSO sets over a 5-day assimilation cycle period, spanning

from 1 September 2022 (00 UTC) to 6 September 2022 (00 UTC), with assimilation performed at

3-hour intervals. As the first version of the TEEMLEAP testbed presented in Wilhelm et al. (2024)

is employed, the same cycling period as they used is adopted.

The reliability of the resulting analysis ensemble is assessed using spread-skill statistics, by

comparing the analysis spread (ensemble variability) with the RMSE. These results are crucial for

constructing an initial condition ensemble, which is the foundation for generating a probabilistic

forecast in the next step. High spread-skill correlations in the initial conditions of an ensemble

system are desirable to start with, as they represent accuracy in the initial conditions and a good

representation of the uncertainty. However, in this study, the forecasts will be performed using

data-driven models. The connection between achieving a healthy spread-skill relationship in the

initial conditions ensemble and maintaining it for the forecast ensemble may vary due to the

different way these models work.

Observation perturbation methods: spread-error statistics in the initial condition
ensemble

The following results focus on wind speed at 300 hPa WS300. While the performance of the

assimilation system was also investigated for the temperature at 850 hPa T850, geopotential at

500 hPa Z500, and specific humidity at 700 hPa Q700, these results are not included here, as they

exhibited similar patterns. Thus, WS300 is considered representative for evaluating the effectiveness

of the analysis ensemble generation methods.
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Figure 4.3 shows the evolution of the ensemble spread and RMSE, for each observation perturbation

method over assimilation cycling time. The spread calculations for each ensemble are computed by

sequentially increasing the number of ensemble members, highlighting how the spread changes

when ensemble subsets with increasing number of members are considered. It was calculated using

equation (3.10). Ideally, a correction factor for small ensembles should be included, but it has

been omitted here to focus on the effect of increasing ensemble size. The correction factor will

be included in later evaluations. On the other hand, to calculate the RMSE, the time mean over

the entire assimilation period is taken. This provides a measure of the overall analysis accuracy

across time, reflecting the time-mean deviation of the ensemble mean from the ERA5 truth. Since

the system is updated every 3 hours with PSO profiles derived from ERA5, averaging the RMSE

over time minimizes the influence of specific weather situations.

• Changing-seed, and changing- f

For the randomly changing-seed method (Figure 4.3a), the entire-ensemble spread (black line)

stabilizes at approximately 2.3 m s−1 after about two days of cycling. Additionally, the spread

collapses around 10 members, suggesting that this number of members is sufficient. In contrast,

the changing- f method (Figure 4.3b) shows only slight variations in spread as more members are

added. Although the f parameter was varied between 1 and 3.5, this range has little impact on

spread. Additionally, changing- f shows the highest RMSE (∼2.5 m s−1), and a very low spread

(∼1.25 m s−1), showing that this method does not represent the uncertainty of the ensemble.

• Changing-seed- f

In contrast, for changing-seed- f (Figure 4.3c), the spread increases more significantly as more

members are added to the analysis ensemble evaluation, stabilizing near 13 members. This suggests

that larger ensemble size would be required to effectively explore the performance of an ICON

initial-condition ensemble using this method. Referring back to the sketch in Figure 3.7, the larger

variation observed when varying both the seed and f together, compared to varying them separately,

can be understood conceptually. It is analogous to exploring the entire space in the sketch, rather

than moving along the lines, resulting in a broader and more diverse range of possible outcomes.

This is likely also why the spread from changing-seed- f is slightly closer to RMSE compared to

changing-seed (Figure 4.3a), suggesting a slightly better representation of uncertainty. However,

the changing- f spread calculated considering the entire ensemble (black line) stabilizes after about

three days of cycling, which is one day later than in the changing-seed plot.

• Changing-n, and changing-seed- f -n

When adding changes in the number of PSO stations (changing-n and changing- f , seed and n;

Figures 4.3d and e, respectively), the spread increases substantially and deviates further from the

RMSE, indicating a greater sensitivity to the ensemble size. It is important to clarify how the spread

mean lines are constructed in those two subfigures. As described in Section 3.3.2, variations in n

range between 200 and 2000. Spread Mean 1 corresponds to the ensembles of analyses created

with 2000 and 1800 PSO stations. Spread Mean 2 includes the analyses performed with observation

sets of 2000, 1800, and 1600 PSO stations, and this process continues in steps of 200 stations until
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Figure 4.3: Spread and RMSE evolution of the analysis of WS300 for the five observations perturbation
methods studied: (a) changing-seed, (b) changing- f , (c) changing-seed- f , (d) changing-n, and
(e) changing-seed- f -n. The spread is calculated as the global mean of the root-square-difference
between the ensemble mean (of a subset of members) and each member in that subset, for subsets
including from 2 to all the members. Spread Mean 1 to Spread Mean 8 refer to calculations of
the spread using sequentially increasing numbers of members. Spread Mean 9, 10 and 11 are
specific to subplot (c), where three additional ensemble members were included. Spread Mean
Total (black line) represents the spread calculated across the entire ensemble for each case. The
RMSE (solid grey line) shows the time-mean RMSE for each ensemble.

the Spread Mean Total, that incorporates the entire range of analyses, from 2000 down to 200 PSO

stations. Initially, this evaluation was conducted starting with the smallest n sets instead. In that

case, Spread Mean 1 (which included n = 200 and n = 400 stations) was the highest and gradually

decreased as members with larger n were added. However, the order was reversed (starting with the

largest n = 2000) to better observe the evolution of the spread as more members are added. This

highlights that the analysis sets obtained from assimilation with fewer PSO stations (e.g., 200, 400,

and 600), exhibit greater variability and more pronounced differences compared to sets with higher

numbers of PSO stations (e.g., 1600, 1800, and 2000 profiles). Furthermore, as seen in Figures

4.3d and e, the spread of the changing-n analysis ensembles is far from collapsing for an ensemble

size of 10 members.

The methods that involve changing the number of PSO stations result in the lowest RMSE, with

values below 2 m s−1. This means that considering different sensitivities for the weather situation

in the analysis ensemble members generates an ensemble mean that is closest to the truth. These

methods also show a significant mismatch of the spread evolution with respect to the RMSE, as

the spread continues to increase during the assimilation period. This opens an option for future

studies: testing smaller ranges for the variation in the number of PSO stations. Although not

included in the results, evaluation of ensembles with tighter ranges of n variations were conducted,
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specifically: 7-member ensemble with n ranging from 400 to 1600, 5-member ensemble with

n ranging from 600 to 1400, and 3-member ensemble with n ranging from 800 to 1200. These

evaluations showed approximately the same RMSE, but a lower spread closer to the RMSE,

indicating a possible improved performance. While the experiments performed did not include

enough ensemble members to fully evaluate this behavior, it suggests a direction for future work.

Selected observation perturbation method to initiate the FourCastNet V2 forecast

The observation perturbation methods that perform best in terms of matching the spread and

RMSE are the changing-seed method (Figure 4.3a) and the changing-seed- f method (Figure

4.3c), both achieving a time-mean RMSE of approximately 2 m s−1, and a spread of around 2.5

m s−1. Among these, the changing-seed observation perturbation method is selected to initiate

forward integrations using FourCastNet V2, as the analysis ensemble spread stabilizes after two

days of cycling, one day earlier than in the changing-seed- f method. This choice follows the

principle of keeping-it-as-simple-as-possible, as the method, while not perfect, is already sufficient

to generate an initial condition ensemble for the FourCastNet V2 forecast. While increasing the

number of ensemble members could better represent initial condition uncertainty, focusing on

a 10-member ensemble is sufficient to evaluate the performance of the observation perturbation

approach. This ensemble size provides already a practical basis to try a probabilistic forecast within

the TEEMLEAP testbed, while maintaining certain reliability in the results. However, in practical

applications, one would eventually run large ensembles of data-driven models (50–1,000 members),

due to their low computational cost.

In NWP systems, if the spread mismatches the RMSE during the assimilation cycle, this may

propagate into the forecast, leading to errors in the representation of initial condition uncertainty

(Houtekamer et al., 1996). However, in ensemble forecasts generated by data-driven models, their

spread-skill performance have different sensitivity to initial conditions uncertainty compared to

NWP systems. In this study, while achieving well-calibrated initial conditions would be desirable,

it is not the primary focus. As a result, the initial condition ensemble spread is overestimated, which

may lead to excessive forecast variability, reducing its reliability. If the changing-seed method is

found inadequate for producing a well-balanced spread-skill relationship in the forecast, it can serve

as a foundation for future investigations to explore and evaluate other perturbation methods or larger

ensemble sizes. However, further exploration is beyond the scope of this study. The objective here

is to test and demonstrate the feasibility of generating data-driven probabilistic forecasts through

data assimilation with perturbed observations, serving as groundwork for future investigations, and

validating the TEEMLEAP testbed’s effectiveness for these experiments.
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4.2.2 Evaluation of the initial condition ensemble generated with the
changing-seed observation perturbation method

This section evaluates the performance of the changing-seed observation perturbation method in

optimizing the initial conditions across four meteorological variables, for the subsequent forward

integration using FourCastNet V2.

Insights from previous studies on the observation perturbation method

At this stage of the work, the focus is not yet on investigating the forecast performance; however,

prior studies support the observation perturbation method for generating initial condition ensembles

that lead to reliable forecasts. Hamill et al. (2000) compared different ensemble assimilation

techniques, including SV, breeding methods, and the randomly perturbed observations method

from Houtekamer et al. (1996). Their findings showed that, when assuming a perfect model, the

observation perturbation method produced more accurate ensemble-mean analyses and subsequent

better calibrated probabilistic forecasts, with higher spread-skill correlations compared to the other

methods (Hamill et al., 2000).

In addition, Buizza et al. (2008) explored this method, including also stochastic physics to simulate

the effect of model uncertainties (not included in this project) as described by (Houtekamer et al.,

1996). They showed that using an EDA system based on the perturbed observations approach

resulted in perturbations that were less localized geographically and provided better coverage of

the tropics, compared to SV-based methods. However, it had too little spread compared to SV, due

to a combination of too small initial amplitudes and too slow growth. They proposed integrating

both methods for generating the initial conditions, to benefit from the strengths of both of them

(Buizza et al., 2008). This work served the foundation for the ECMWF’s current Ensemble Data

Assimilation (EDA) system, operational since 2010 (Lang et al., 2019).

As in Hamill et al. (2000), in this work we do not explicitly account for model error. However,

Houtekamer et al. (1996) noted that neglecting the model error could lead, over a number of

assimilation cycles, to perturbations that are too small. To mitigate this, other studies explored

approaches to address model error indirectly. For instance, in Buizza et al. (2003) they applied

a multiplicative inflation factor of 1.8 to the resulting perturbations. This adjustment increased

the ensemble spread in the initial conditions and compensated for an insufficient representation

of model error during the assimilation (Buizza et al., 2003). Therefore, simulating model error by

inflating the ensemble spread could be an option for future works. However, the current analysis

shows that the ensemble spread is already higher than the RMSE in the initial conditions. This

indicates that the resulting perturbations, while not perfect, are already sufficient to proceed with

the forecast.

Spread-error statistics in the changing-seed initial condition ensemble

In Figure 4.4, the evolution of the spread and RMSE is shown for the changing-seed method applied

to the four meteorological variables tested. The ensemble spread is evaluated using two equations

from Fortin et al. (2014): equation (3.9), which includes a correction factor, and equation (3.10),
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which omits it. The correction factor is added to better represent uncertainty in small ensembles,

and in the case of this 10-member analysis ensemble, it results in a slightly higher spread. The

spread-RMSE alignment is particularly good for T850 (Figure 4.4a), maintaining a stable spread-

skill ratio which is 1.02 at the last time step. For the other variables, the spread remains generally

stable but exceeds the RMSE, with spread-skill ratios of approximately 1.33 for Z500 (b), 1.14 for

WS300 (c), and 1.25 for Q700 (d). The variable of Z500 behaves differently, maintaining an almost

constant spread of approximately 0.4 dam, throughout the assimilation period. This is because, in

the TEEMLEAP testbed version used for this study, the assimilation of geopotential is limited to

the lowermost ERA5 model level, and higher levels, such as 500 hPa, were excluded. The minimal

variation observed in Z500 reflects the indirect influence of other assimilated atmospheric variables,

such as temperature or wind, on geopotential height.

Figure 4.4: Spread (red lines) evolution, and time-mean RMSE (solid grey line) using the changing-seed
observation perturbation method, for four different variables: (a) T850, (b) Z500, (c) WS300, and (d)
Q700. The spread evolution during the assimilation period is shown for two equations: Equation
(3.9) and Equation (3.10), as defined by Fortin et al. (2014) and detailed in Section 3.4.

Spatial differences in spread-error statistics in the Changing-seed initial condition
ensemble

As indicated in Section 3.2.2, the error profiles follow global statistical properties. Provided that the

number of PSO stations is high, then regional statistics will be similar to global statistics, meaning

that limiting the assimilation to a specific region would not significantly disrupt these global

properties. However, in the current version of the TEEMLEAP testbed only global experiments are

supported (Wilhelm et al., 2024). Future and ongoing developments will enable limited domain

experiments as well, but these were not explored in this study. Despite this, it is still valuable to
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investigate how the current assimilation system performs across different regions. To this end,

Figure 4.5 presents spread maps at the final analysis time step on 6 September 2022 (00 UTC), for

the meteorological variables evaluated, and Figure 4.6 shows the RMSE and the spread evolution

for each variable across three latitude bands.

Figure 4.5: Maps of the spread at the final time step of the assimilation cycle, with ensemble mean average
values depicted by red contours and spread indicated by purple shading. Plots are for the four
evaluated atmospheric variables: (a) T850, (b) Z500, (c) WS300, and (d) Q700.

• 850-hPa Temperature

For T850 (Figure 4.5a), the spread is relatively high and constant, approximately 1.5 K, in both the

Northern Hemisphere (NH) and Southern Hemisphere (SH) extratropics, while it is close to 0 K in

the tropical regions. However, specific localized regions, particularly in the South Atlantic Ocean

exhibit maximum values of approximately 4 K. Those localized areas appear only for T850 and not

for other variables, suggesting a link to strong temperature inversions.

Next to the southwestern coast of Africa, the cold ocean surface driven by the Benguela current

cools the air above it, creating a strong inversion with colder air trapped near the surface and warmer

air on the top. This is enhanced by the presence of stratus clouds, which reduce surface heating and

limit vertical mixing. As a result, the boundary layer in this region is estimated to be below the

850-hPa level. The sharp contrast between these stratified and adjacent well-mixed regions, leads

to instability at these altitudes, amplifying the effect of small perturbations among the ensemble

members. This leads to a higher spread in the analysis of T850. Additionally, within the Intertropical

Convergence Zone (ITCZ) core, the atmosphere is well mixed, but as it transitions to more stratified

conditions in the surrounding regions, an increased spread is observed, particularly over the Pacific

Ocean. These transition zones at the edges of the ITCZ, characterized by changes in stratification,

contribute to localized variability and higher spread in the analysis of T850. In contrast, over the

Sahara region, the boundary layer reaches 700 hPa. This deep boundary layer ensures mixing of the

atmosphere is well mixed with the surface, minimizing the impact of perturbations at 850 hPa and

resulting in a low spread.
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Figure 4.6: Time-mean RMSE and the evolution of the spread for the forecast leadtime, averaged across
three latitudinal bands: NH extratropics (30ºN-90ºN), tropics (30ºS-30ºN), and SH extratropics
(30ºS-90ºS). Plots are for the four evaluated atmospheric variables: (a) T850, (b) Z500, (c) WS300,
and (d) Q700.

The T850 latitudinal averages (Figure 4.6a), show that the tropical regions exhibit the lowest spread

and RMSE on average, and are approximately aligned. This is probably because of the lower

temperature variability and the mixing from ITCZ. The SH extratropics, however, show the highest

RMSE indicating that the ensemble mean deviates furthest from the truth, and also the spread

underestimates the RMSE. The worse perfromance here could be attributed to the regions mentioned

of transition to spring in the SH during September, which can increase temperature variability with

more chaotic weather patterns and baroclinic instabilities.

• 500-hPa Geopotential

For Z500 (Figure 4.5b), the spread is higher in the NH and SH extratropical regions, with values of

around 1-1.5 dam, compared to the tropics with around 0 dam. This indicates greater divergence

among the ensemble members in the extratropics. The ensemble mean Z500 values, represented by

the red contours, are lower and exhibit greater variation there, reflecting the higher atmospheric

variability. In contrast, the tropics are encircled by a 582 dam contour line, indicating a more

uniform ensemble mean, together with a lower spread. Figure 4.6b, shows that the spread closely
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aligns with the RMSE in the spatially averaged values over the tropics. This could be related to

the more stable and uniform weather structures in this region, where synoptic-scale variability is

lower compared to the strong baroclinic activity that dominates the extratropical regions. However,

as Z500 was not assimilated in this experiment, these characteristics result from residual effects of

assimilating other atmospheric variables, and the geopotential in the lowermost ERA5 model levels.

• 300-hPa Wind Speed:

For WS300, Figure 4.5c shows that, at the final analysis time step, the SH extratropics and polar

regions exhibit higher ensemble mean wind speeds of around 40 m s−1, together with a spread

smaller than 2 m s−1. This might be attributed to the end of the SH winter, with stronger and stable

jet streams at high levels, reducing variability. In contrast, the spread in the tropics is higher, likely

due to the influence of the ITCZ, where greater convection introduces variability in the horizontal

wind speed at higher levels. The highest spatially averaged spread is observed in Figure 4.6c in NH

extratropics. This can be explained by the presence of storm track regions, with strong westerly

winds and high variability.

• 700-hPa Specific Humidity:

The spread map of the Q700 (Figure 4.5d) shows values smaller than 1 g kg−1 over the SH extratrop-

ics, where the ensemble mean values are also very low. This is expected, as the drier conditions

in regions near the winter pole result in minimal Q700 variability, leading to low spread values.

The spatially averaged spread (Figure 4.6d) in the NH extratropics is higher than in the SH, likely

because NH is transitioning from summer, meaning that the atmosphere is warmer and more moist

than SH. Lastly, the highest Q700 ensemble mean values found in the tropics (Figure 4.5d) are

associated with the warm, moist air from convective activity. The blue regions at the margins of the

ITCZ, indicate marginal stability in the central ITCZ, while the borders exhibit greater variability.

This uncertainty is reflected in the higher RMSE and spread evolution observed in Figure 4.6d.

Summary

The analysis of spread and RMSE across the four evaluated atmospheric variables demonstrated

that T850 has the closest spread-RMSE alignment, with higher variability in regions where there

is a greater stratification. Additionally, it is evident that Z500 was not directly assimilated. Both

WS300 and Q700 exhibit regions of high variability, associated with storm tracks in the NH mid-

latitudes and convective activity in the tropics. In the SH extratropics, WS300 and Q700 exhibit

lower variability, due to the presence of strong and stable winter jets, as well as drier conditions

prevalent during winter.

As mentioned earlier, the assimilation in this study was performed on a global scale. Future

developments of the TEEMLEAP testbed will enable limited-domain experiments, potentially

improving the spread-error alignment in specific regions. However, this is beyond the scope of this

study, which focuses on the global generation of perturbed PSOs, their assimilation with ICON (as

discussed in this section), and the subsequent global probabilistic forecast using the data-driven

model FourCastNet V2.
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4.3 Evaluation of the FourCastNet V2 probabilistic
data-driven forecast

The analysis ensemble was generated through assimilation with the ICON model within the

TEEMLEAP testbed using the changing-seed perturbed PSOs. The optimized initial condition

ensemble is now used to initiate forward integrations with FourCastNet V2.

4.3.1 Forecast setup

The FourCastNet V2 forecast performed utilizes initial conditions from 6-20 September 2022 at 00

UTC as starting points (in total, 15 starting points) for the simulations. This is done for each of

the 10 analysis ensemble members generated with the changing-seed perturbation method. This

means running 15 forecasts (for the 15 initialization times) for each of the 10 perturbed analysis

of the ensemble → 150 forecast simulations in total. Each forecast is run for a leadtime of 360

hours (15 days), with outputs produced every 6 hours. It must be noted that the initial conditions

from 1-6 September 2022 were excluded for the forecast, as they are considered a spin-up phase to

ensure that the spread in the initial conditions took enough time to reach a stable value (refer to

Figure 4.4). For the evaluations, RMSE and spread values are computed by time-averaging across

all initialization times from 6 to 20 September 2022. The spread is calculated using equation (3.9),

incorporating the correction factor to account for the small ensemble size of 10 members.

4.3.2 Spread-skill statistics of the FourCastNet V2 forecast

The ensemble spread is flow-dependent and varies for different meteorological variables (ECMWF,

2024b). Figure 4.7 displays the globally averaged results of the FourCastNet V2 probabilistic

forecast for the four meteorological variables studied. The spread values at the initial conditions are

0.96 K for T850 (Figure 4.7a), 2.55 m s−1 for WS300 (Figure 4.7b), 0.43 dam for Z500 (Figure 4.7c),

and 0.92 g kg−1 for Q700 (Figure 4.7d). As expected, these values closely match the spread of the

analysis ensemble on 6 September 2022 (00 UTC) from Figure 4.4 in the previous section, which

are 0.90 K, 2.42 m s−1, 0.42 dam, and 0.86 g kg−1.

A sharp decrease is observed at 1-day leadtime, with T850 and WS300 reducing to 58% (0.56 K) and

76% (1.95 m s−1) of their initial spread. After this initial decrease, the spread increases steadily with

forecast leadtime, reaching approximately 2.6 times (T850) and 3.3 times (WS300) the initial values

by the end of the forecast period (15-days leadtime). A similar initial decrease is also observed in

the Q700 forecast (Figure 4.7d), reaching 0.52 g kg−1 by day 3. In this case the impact is greater, as

the spread recovers only slightly, surpassing the initial value at the end of the forecast (0.94 g kg−1

at 360 hours). A key factor for the system’s difficulty in predicting Q700 could be inherently

non-Gaussian nature of humidity errors, contrary to the assumption made within TEEMLEAP

during the perturbation of observations to generate the initial conditions. In contrast, Z500 does not

display a significant decrease in spread at shorter leadtimes, starting at 0.43 dam and decreasing
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slightly to 0.41 dam after 6 hours. Beyond this point, the spread grows steadily, reaching a value

12.8 times larger than the initial conditions at the end of the forecast time.

The RMSE behaves more consistently across the four meteorological variables evaluated, increasing

with leadtime. For T850, WS300, and Q700, it stabilizes around day 10, with final values between

3 and 5 times larger than their respective initial RMSE values. Z500 behaves differently, with the

RMSE continuing to grow, reaching by 15-days leadtime, a value 18 times larger than its initial

value. This rapid increase of both RMSE and spread can be associated with the lack of assimilation

for Z500, which was discussed in the previous Section 4.2.2. As a result, the initial conditions were

not directly constrained by observations and optimized, such that the forecast error diverges further

and further from the truth, as the forecast progresses.

Figure 4.7: Globally averaged RMSE (gray line) and spread (red line) evolution for a leadtime of 15 days
(360 hours) of the FourCastNet V2 probabilistic forecast for the variables: (a) T850, (b) Z500, (c)
WS300, and (d) Q700. The spread is calculated using Equation (3.9) from Fortin et al. (2014).

The minimum spread-skill ratios occur around day 8 of the forecast, with the values shown in Table

4.1. These values are very close to the spread-skill ratio observed during the sharp decrease in

spread on day 1 of the forecast. This indicates that the difference between spread and RMSE during

the forecast is approximately proportional to the difference in the initial abrupt decrease. If there

had been no abrupt decrease in spread for T850 and WS300 during the first 24 hours of the forecast,

the spread and RMSE would align much more closely.
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Table 4.1: Spread-skill ratios comparison: the minimum spread-skill ratio which occurs around day 8 of
forecast, and the spread-skill ratio at the sharp decrease in day 1 of forecast.

Variable Minimum ratio Ratio at 24 h leadtime

T850 0.65 0.60

Z500 0.71 0.77

WS300 0.67 0.68

Q700 0.55 0.72

4.3.3 Spatial differences in spread-skill statistics of the FourCastNet V2
forecast

Given the behavior of the global data-driven forecast, it is valuable to examine error growth across

different regions. To investigate this, Figure 4.8 shows the evolution of ensemble RMSE and spread

for T850 as a representative variable. The spread maps in 4.8a show a decrease across all latitude

bands during the first 2 days of forecast. It is particularly pronounced in the tropics, where the

spread remains low for the rest of the forecast period. In contrast, the spread recovery in higher

latitudes reflects a better performance of the model. The closest alignment between spread and

RMSE is observed in the NH mid-latitudes. This improved performance could be related to the

training of FourCastNet V2 with more accurate ERA5 data in this region.

At the initial forecast time, the highest spread values are observed over specific tropical ocean

regions, particularly the equatorial Pacific and the South Atlantic. This matches the spread patterns

seen at the analysis time step on 6 September 2022 (00 UTC) in Figure 4.5 (Section 4.2.2). Those

maximum values are also reflected in the RMSE at 0-h leadtime, and they can be attributed to

differences in stratifications caused by the Benguela current and the ITCZ, as previously discussed

in Section 4.2.2. These features contribute to greater variability among ensemble members, leading

to somewhat higher spatially averaged spread and RMSE in the SH tropics compared to the NH

tropics (Figure 4.8d). Despite this, the tropics exhibit the lowest averaged T850 RMSE and spread

throughout the entire forecast period, because of the lower temperature variability compared to

higher latitudes.

In contrast, the highest spatially averaged RMSE and spread values occur in the polar regions, with

higher values over the SH pole (Figure 4.8c) compared to the NH pole (Figure 4.8e). This can

be attributed to the SH being the winter hemisphere during the forecast period, which increases

temperature variability. Additionally, very high RMSE values are observed over Antarctica (Figure

4.8b), primarily because the 850-hPa pressure level is almost underground in this region due to the

high topography. The steep sloping terrain and cold boundary layer outflows makes the Antarctic

region difficult to be represented accurately in models (Connolley, 1996). This complexity may

also contribute to the slight RMSE average decrease at the SH pole during the first forecast step.

A sudden decrease in RMSE is observed around days 10-11, in both the SH mid-latitudes (Figure

4.8c, blue lines) and the NH poles (Figure 4.8e, dark blue-green). This behavior in two geograph-
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ically distinct regions suggests that the ensemble mean diverges from the truth in unexpected

ways, raising questions about the system performance at extended leadtimes beyond 10 days. One

possible explanation is that the forecast experiment is performed globally, which might lead to

unexpected regional variations in performance. Another possibility is that the analysis is based

on only 15 specific days of forecast initialization in September 2022, and this behavior might not

occur when considering extended time ranges or forecasts initialized during other periods.

Figure 4.8: Evolution of RMSE and spread for T850 across different leadtimes, regions, and globally. Top
rows (a) and (b): Global maps of spread (a) and RMSE (b) at different forecast leadtimes. Bottom
figures are the spatially averaged RMSE and spread evolution over leadtime, for different latitude
bands: (c) SH pole (60ºS–90ºS) and mid-latitudes (30ºS–60ºS); (d) SH tropics (0º–30ºS) and
NH tropics (0º–30ºN); and (e) NH mid-latitudes (30ºN–60ºN) and pole (60ºN–90ºN). Solid lines
represent RMSE, while dashed lines represent spread.
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4.3 Evaluation of the FourCastNet V2 probabilistic data-driven forecast

4.3.4 Discussion

Abrupt decrease in spread during the first 24 hours of forecast

In general, in NWP forecasts, the spread increases with forecast leadtime as uncertainties in the

initial conditions propagate and grow (ECMWF, 2024b). However, in this data-driven forecast, a

different error growth behavior is observed: the spread sharply decreases within the first 24 hours,

making the forecast consistently underdispersive across all the variables tested. This decrease is

evident both in the globally averaged evolution and across averaged latitude bands, indicating an

abrupt shift in how complex structures are represented within the ensemble members during the

first day of forecast. This is unlikely caused by a sudden transition in atmospheric conditions during

September 2022, shifting from strong synoptic systems to larger-scale, fair weather systems with

weaker gradients. Instead, the spread decrease is more likely related to the characteristics of the

data-driven prediction system itself, and its difficulty to represent small-scale variability.

Bülte et al. (2024) found that for an ensemble forecast with ECMWF IFS operational initial

conditions, using the data-driven model Pangu-Weather, the ensemble spread decreased during the

first 24 h. Additionally, Bi et al. (2022) observed that the ensemble mean in Pangu-Weather forecasts

sometimes introduced unexpected noise during the first days of forecasting. These findings suggest

that ensembles using data-driven models may struggle to fully represent small-scale structures

contained in the initial conditions, particularly during the first two days of forecast. Similarly,

Pathak et al. (2022) generated an ensemble of 100 perturbed initial conditions with the Gaussian

noise method and used it to produce probabilistic FourCastNet forecasts (AFNO-based model).

They concluded that the model failed to account for several convective and radiative processes.

To address these limitations, they suggested using an AFNO-based model trained with higher

resolution data. In this study, the improved SFNO-based model FourCastNet V2 (see Section 3.1.3)

is employed, but it is still insufficient to compensate for the limitations when maintaining and

growing small-scale structures contained in the initial conditions.

Error growth in data-driven models

The system’s limitations can be explained with error growth, as described by Baumgart et al. (2019)

in their analysis using a stochastic convection scheme. They discussed that error growth in NWP

follows a sequence of processes, with the first 12 hours dominated by differences in the convection

scheme, primarily driven by latent heating and diabatic processes (Baumgart et al., 2019). However,

as a data-driven model, FourCastNet V2 has fewer degrees of freedom compared to physical models,

which are designed to represent small-scale features and parameterized processes contained in the

initial conditions. As a result, it smooths out small-scale structures (Bi et al., 2022; Lam et al., 2023),

failing to represent convective processes that dominate error growth during this stage. This likely

explains the notable spread reduction in Q700, as well as in T850 spread in tropical regions, as they

strongly depend on small-scale processes like turbulent mixing and convection. The diffusion-based

GenCast model from Google-DeepMind (Price et al., 2025), can address the fine-scale smoothing

problem to some extent, but requiring a considerable increase in computational cost.
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Between 12 h and 2 days, error growth is primarily driven by upper-tropospheric divergence, which

projects errors from vertical-motion moist processes into the tropopause region (Baumgart et al.,

2019). As errors upscale to larger scales, FourCastNet V2 begins to capture them, resulting in a

recovery of the spread. This recovery occurs earlier for WS300, which is nearer to the tropopause,

while lower level variables, such as T850 and Q700, are more influenced by surface processes,

resulting in a somewhat slower recovery. After 2 days, error amplification up to the synoptic

scale is dominated by differences in the nonlinear near tropopause dynamics (Baumgart et al.,

2019), and therefore error growth becomes evident across all levels, as indicated by the increasing

ensemble spread. However, since error growth is limited early in the forecast (Baumgart et al.,

2019), variability among ensemble members is reduced before error growth at synoptic scales can

take control, contributing to the low spread values observed.

The importance of model error

If all uncertainties associated with initial conditions and model errors are perfectly represented, the

ensemble spread should equal the RMSE of the ensemble mean (Palmer, 2006). While this holds

for NWP models, the forecast evaluated here is data-driven. As discussed earlier, FourCastNet V2’s

misrepresentation of small-scale features contained in the ICON-based initial conditions contributes

to the spread-RMSE discrepancy, while the lack of model error representation may also play a role.

Model error is believed to be an important component of the forecast error, particularly in the tropics

(Reynolds et al., 1994). However, a limitation of all initial condition approaches for data-driven

ensemble prediction is that they only account for initial condition uncertainty, and not for model

uncertainty (Bülte et al., 2024). In contrast, physics-based NWP models incorporate techniques

such as stochastic parameterizations to represent model error (Palmer, 2019b). Consequently, one

limitation of the approach followed could lie in the exclusive focus on initial condition perturbations,

without accounting for model error. As discussed in Section 4.2.2, neglecting model error can lead

to perturbations that are too small (Houtekamer et al., 1996), and one possible way is to address

this indirectly by applying an inflation factor (Buizza et al., 2003).
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This thesis addresses the new wave of ML applications in weather prediction by investigating

ensemble generation methods based on perturbing the initial conditions. While ensemble prediction

with data-driven models research is still in its early stages, this study explored ensemble generation

with perturbed observations. The experiments are conducted within the TEEMLEAP testbed, a

prediction framework jointly developed by KIT and DWD, which mimics the operational weather

prediction chain in a simplified but realistic manner, also incorporating interfaces for integrating

AI-based components (Wilhelm et al., 2024).

The study extends the method proposed by Houtekamer et al. (1996) for ensemble generation by

perturbing observations before data assimilation. Instead of relying only on vertically correlated

random perturbations, as found in the literature, different alternative observation perturbation

methods for ensemble generation were explored. While the new wave of data-driven weather

research had primarily focused on deterministic forecasts, this study tested one of the ensemble

generation methods discussed in Bülte et al. (2024) with the data-driven model FourCastNet V2.

Finally, achieving data-driven ensemble generation, demonstrated TEEMLEAP testbed’s value as a

hands-on platform for students for exploring the weather prediction chain in educational contexts,

and experimenting with ML applications.

This work addressed four key research objectives as outlined in the introduction:

1. Prove that the data-driven model FourCastNet V2 can be run with ICON-based
initial conditions generated through the TEEMLEAP testbed instead of the ECMWF
initial conditions it was trained with.
This was the first successful use of ICON-based initial conditions generated within the TEEM-

LEAP testbed for running a pre-trained version of FourCastNet. The forecasts generated were

very similar to those produced using operational ECMWF IFS initial conditions, with ICON

initial conditions even showing slightly better ACC and RMSE for longer lead times. This

demonstrated the technical feasibility and ability to provide reasonable and meteorologically

plausible forecasts.

2. Compare different methods for generating ensembles of initial conditions by modify-
ing the parameters that control the nature of perturbed observations.
To create an ensemble of initial conditions, the method proposed by Houtekamer et al. (1996)

was extended and refined. This involved systematically modifying observations before the

data assimilation, exploring alternatives to the random perturbations found in the literature.

Specifically, the following variations were tested: in the random seed used to generate the
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vertical perturbation profiles, in the quality of observations between ensemble members,

and the number of assimilated global observations. Additionally, combinations of these

approaches were evaluated.

3. Select an adequate method for generating an initial condition ensemble with sufficient
spread.
Among the tested observation perturbation methods to generate an initial condition ensemble,

the changing-seed approach was selected to initiate forward integrations with FourCastNet V2.

This choice was based on several criteria. First, it demonstrated one of the best alignments

between RMSE and spread in the analysis ensemble, among the tested methods. Additionally,

with 10 ensemble members, the spread stabilized without significant increases when more

members were added. Moreover, during assimilation cycling, the spread collapsed more

quickly than in other methods, eventually stabilizing at an approximately constant value.

The method was also evaluated across four different meteorological variables, consistently

showing good performance.

Following the “keep-it-as-simple-as-possible” principle, the changing-seed method was

chosen, but it could be refined and extended in the future by more investigations. Possible

extensions include increasing the number of ensemble members, introducing a longitude-

dependent factor to the perturbation profiles, or testing the forward integration with other

of the initial condition ensembles, such as with the one created by modifying the quality of

observations before data assimilation.

Despite the possibilities, the procedure was not further refined in this study because the goal

was not primarily to reach a perfect spread-skill relationship. In traditional NWP, a healthy

spread-skill relationship in the initial conditions often means forecast quality. However, this

may be different in data-driven models, and it is not yet clear how optimizing spread-skill

in the initial conditions would impact the forecast. Therefore, the focus was on testing the

feasibility and performance of the selected changing-seed perturbation method for generating

an initial condition ensemble and its subsequent forward integration using a data-driven

model.

4. Generate and evaluate an ensemble forecast from the perturbed ICON-based initial
condition ensemble using FourCastNet V2 for the forward integration.
The combination of ICON initial conditions using the changing-seed observations perturbing

method with the data-driven model for the 10-members ensemble forecast was found to be

insufficient. The spread evolution showed an abrupt decrease during the first 24 hours of

forecasting, particularly for lower-level variables. This indicates that during the first forward

integration steps, the data-driven model smoothed out small-scale structures contained in

the initial conditions, this way effectively making the ensemble members more similar to

each other before error growth at synoptic scales could take control. After this, the spread

increased again, evolving parallel to the RMSE but with a shift, resulting in a spread-skill

ratio from approximately 0.60 to 0.70, depending on the variable.
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The resulting ensemble forecast proved to be insufficient, indicating that the main goal

of developing a sophisticated ensemble generation method for creating probabilistic data-

driven forecasts within the TEEMLEAP testbed was not fully achieved. However, all the

intermediate objectives leading to this goal were reached, and all the experiments were

conducted within the TEEMLEAP testbed. This final step highlighted key differences in

error growth characteristics between data-driven models and traditional NWP-based models,

emphasizing the need for further research of data-driven models for ensemble prediction.

Since the combination of perturbed initial conditions based on ICON with FourCastNet V2 for

forward integration was not entirely successful, future studies could explore using other data-driven

models, such as PanguWeather. Further research could also focus on finetuning the perturbed

observations. For instance, inflating the initial condition perturbations, as suggested by (Buizza

et al., 2003), might help achieve a higher forecast spread by compensating for the lack of explicit

model error representation. Additionally, alternative ensemble generation methods could be tested.

For example, applying narrower ranges when varying the number of perturbed observation stations

between ensemble members - such as 800 to 1200 stations instead of 200 to 2000 - could lead

to improved spread-skill statistics. Another possibility is to optimize TEEMLEAP for regional

experiments, and to perform limited domain assimilation and forecasting.

This study, within the TEEMLEAP framework, focuses on medium-range forecasting. However,

there is an open question in MLWP research: Can data-driven models extend their predictive skill

to subseasonal scales and climate prediction? This is a fundamentally different challenge, because,

unlike weather forecasting, its evaluation metrics are not straightforward, and predictions at these

longer timescales depend on different scenarios, such as greenhouse gas emissions or climate

change mitigation strategies (Lee et al., 2021). A potential possibility to address subseasonal

scales and climate prediction would be hybrid approaches. NeuralGCM (Kochkov et al., 2024), for

example, combines a physics-based model with ML components, and accurately tracks climate

metrics over multiple decades. A similar approach could therefore be explored by integrating the

data-driven FourCastNet V2 with the physics-based model ICON. Hybrid systems would improve

the representation of model error, for instance, by incorporating stochastic convection schemes

to better represent convective processes. They could optimize the representation of small-scale

structures in the initial conditions, advancing as well in subseasonal and climate prediction.

Finally, the error growth was not analyzed at different spatial scales, although it generally does

vary depending on the scale, as shown in (Jung and Leutbecher, 2008). They analyzed error

growth in ECMWF’s EPS and found that during the first two days of the forecast, the ensemble

was overdispersive due to excessive spread at synoptic scales. To address this, they reduced the

amplitude of the initial perturbations. For longer forecasts, the ensemble became underdispersive

at synoptic scales, which they attributed to insufficient spread at planetary scales, affecting the

dynamics at smaller scales (Jung and Leutbecher, 2008). To solve this, they implemented a model

that lead to larger perturbation growth. However, while (Jung and Leutbecher, 2008) analyzed error

growth using an NWP-based ensemble, this study instead used the data-driven model FourCastNet

V2. Since error growth behaves differently in data-driven models compared to traditional NWP
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models, it would be interesting to investigate whether error growth in the data-driven ensemble

system is more influenced by certain scales than others.

The ceiling for weather prediction with data-driven models is uncertain, raising questions about

how far their skill can continue to improve. Currently, these models are trained on ERA5 reanalysis

data, meaning their performance is linked to the quality and characteristics of ERA5 (Pathak et al.,

2022; Bi et al., 2022; Price et al., 2025). This raises another question: How can observations be

better incorporated into the training to improve the forecast? Frameworks like Anemoi are taking

steps forward by enabling meteorological organizations to train machine learning models with their

own data (ECMWF, 2024a). Such initiatives, together with many joint efforts, like the project

TEEMLEAP, are improving weather prediction systems, and contributing to better extreme weather

prediction for early warning systems (Field et al., 2012).

By exploring the relevance of AI weather research together with new methods for ensemble

generation, this thesis represents a step forward in presenting the TEEMLEAP testbed as a valuable

educational and research tool. Designing a first data-driven probabilistic forecast prototype with

FourCastNet V2 provides an important first step into data-driven ensemble prediction with the

TEEMLEAP testbed, bringing closer education and cutting-edge data-driven modeling. While

there is still room for improvement and further development, the successful implementation of

TEEMLEAP as a hands-on platform highlights its potential for educating the next generation of

meteorologists and researchers.
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6 Abbreviations

AFNO Adaptive Fourier Neural Operator

ACC Anomaly Correlation Coefficient

BACY BAsic-CYcling

CMC Canadian Meteorological Centre

DACE Data Assimilation Coding Environment

DL Deep-Learning

DNN Deep Neural Network

DWD Deutscher Wetterdienst, German Weather Service

ECMWF European Centre for Medium-Range Weather Forecasts

EDA Ensemble Data Assimilation

GCM General Circulation Model

GNN Graph Neural Network

HPC High-Performance Computing

ICON ICOsahedral Nonhydrostatic

IFS HRES High-RESolution configuration of the Integrated Forecasting System

ITCZ Intertropical Convergence Zone

ML Machine-Learning

MSC Meteorological Service of Canada

NH Northern Hemisphere

NN Neural Network

PSAS Physical-Space Assimilation System
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6 Abbreviations

PSO PSeudo-Observation

RMSE Root-Mean-Square-Error

SFNO Spherical Fourier Neural Operator

SH Southern Hemisphere

TEEMLEAP TEstbed for Exploring Machine LEarning in Atmospheric Prediction
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A Appendix

Table A.1: Summary of the five methods used to generate ensembles of perturbed PSOs for probabilistic
forecasting. Each method varies specific parameters (seed, f parameter, and/or the number
of PSO n) while keeping others constant, as detailed in the table. The values for the varied
parameters across the 10 ensemble members are listed for each method.

Method Parameters varied: values = [Exp1,... Exp10] Constant parameters

Changing-seed
Seed = [777, 247229, 4444, 4, 478902,

222, 490913, 128067, 19089, 632290]

f = 2.0

n = 1000

Changing- f
f = [1.0, 1.25, 1.5, 1.75, 2.0,

2.25, 2.5, 2.75, 3.0, 3.5]

Seed = 7718

n = 1000

Changing-seed- f

Seed = [7718, 230, 29831, 4590, 896,

81233, 9, 112415, 115, 34215, 35, 189]

f = [1.0, 1.25, 1.5, 1.75, 2.0,

2.25, 2.5, 2.75, 3.0, 3.5, 3.75, 4.0]

n = 1000

Changing-n
n = [2000, 1800, 1600, 1400, 1200,

1000, 800, 600, 400, 200]

Seed = 3011

f = 2.0

Changing-seed- f -n

Seed = [915, 10, 1720, 980, 4,

360, 1234, 22, 1903204, 14]

f = [1.0, 1.25, 1.5, 1.75, 2.0,

2.25, 2.5, 2.75, 3.0, 3.5]

n = [2000, 1800, 1600, 1400, 1200,

1000, 800, 600, 400, 200]

-
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