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Abstract
The purpose of the 5th International Atomic Energy Agency technical meeting on fusion data
processing, validation and analysis (FDPVA) (Ghent University, Ghent, Belgium, 12–15 June
2023) was to provide a platform during which a set of topics relevant to FDPVA were discussed
with the view of meeting the needs of next step fusion devices such as ITER. The validation and
analysis of experimental data obtained from diagnostics used to characterize fusion plasmas are
crucial for a knowledge-based understanding of the physical processes governing the dynamics
of these plasmas. This paper presents the recent progress and achievements in the domain of
plasma diagnostics data analysis and synthetic diagnostics reported at the meeting, including
concept description of new devices; fusion databases; integrated data analysis; inverse
problems; uncertainty propagation, verification and validation; probabilistic methods and
machine learning. The relevant results underline trends observed in the current major fusion
confinement devices.

Keywords: plasma diagnostics, fusion databases, integrated data analysis, machine learning

(Some figures may appear in colour only in the online journal)

1. Introduction

The International Atomic Energy Agency (IAEA) fosters
global collaboration by facilitating the exchange of scientific
and technical expertise. Its efforts focus on bridging gaps in
fusion physics, engineering, and safety, supporting the pro-
gress of ITER, and coordinating efforts towards the realization
of future fusion plants.

The 5th IAEA technical meeting on fusion data pro-
cessing, validation and analysis (FDPVA) was held in Ghent
University, Ghent, Belgium from 12–15 June 2023. Previous
meetings in this series were held in Vienna, Austria [1] (Virtual
event, 2021), Vienna, Austria [2] (2019), Boston, United
States of America (2017), and Nice, France (2015).

44 experts from 16 Member states (Belgium, China,
France, Germany, Italy, Japan, Norway, Pakistan, Poland,
Portugal, Romania, South Korea, Spain, Ukraine, United
Kingdom and United States of America) and 1 International
Organization (ITER Organization) presented the most prom-
inent results in the area of instruments, methods and mathem-
atical solutions for research in the field of nuclear fusion and
plasma physics.

The meeting particularly aimed at fostering discussions
about research and development results that set out or under-
line trends observed in the current major fusion confinement
devices. Progress was shown on the following topics dur-
ing the meeting: (i) next step/new fusion device concepts:
data challenges and design optimization (NSC); (ii) inform-
ation retrieval, dimensionality reduction and visualization in
fusion databases (DBs); (iii) integrated data analysis (IDA)
and synthetic diagnostics; (iv) inverse problems (INV); (v)
analysis of time series, images and video: detection, identi-
fication and prediction (TIV); (vi) uncertainty propagation,
verification and validation in modeling codes and data fusion
(UNC); and (vii) advances in data science, probabilistic meth-
ods and machine learning (ADV).

2. Topical summary

The scientific programme and paper selection were the
responsibility of the Programme Committee composed of the
following members: Min Xu (Chair, China), Didier Mazon
(Co-chair, France), Geert Verdoolaege (Host, Belgium),
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Figure 1. Fraction of alpha particle energy lost before
thermalization for different cases.

Wolfgang Biel (Germany), Rainer Fischer (Germany), Andrea
Murari (Italy), Simon Pinches (ITEROrganization),Masayuki
Yokoyama (Japan), Jesus Vega (Spain), Michael Churchill
(United States of America), Keisuke Fujii (United States
of America), Pablo Rodriguez-Fernandez (United States of
America) and Josh Stillerman (United States of America).

A brief summary of the seven topics of interest for the
FDPVA was presented, focusing on the main highlights and
progress, including outcome of the general discussions.

2.1. Next step/new fusion device concepts: data challenges
and design optimization (NSC)

This session, chaired by D. Mazon and co-chaired by P.
Rodriguez-Fernandez, was devoted to the concept descrip-
tion of new devices focusing on the challenges and design
optimization.

The latest results concerning the design of stellarator
devices in the field of stellarator optimization were presented
[3]. One of the main drivers of the latest developments, the
code SIMSOPT, was introduced, which allows designs with
increasingly better particle confinement (see figure 1). The
development of the near-axis expansion theory is also repor-
ted, which is now being explored as a potential method to cre-
ate initial conditions for more complex optimization scenarios.

The presentation [3] included direct constructions using the
near-axis expansion, direct fast particle optimization, direct
turbulence optimization, and direct coil optimization. In the
near-axis optimization front, it was shown how a recently cre-
ated DB allowed the training of a neural network to solve
the inverse problem: obtain a stellarator configuration given
desired geometric quantities such as elongation and rotational
transform. In the fast particle front, a new particle tracer code
NEAT was developed (see figure 2) and benchmarked using
different magnetic field geometries and was publicly available
on GitHub [4]. The direct turbulence optimization is based
on either a quasi-linear or a non-linear approach that runs a
gyrokinetic simulation at each iteration of the optimization
routine [5]. Finally, the direct coil optimization showed how
a single-stage optimization allowed for higher-performing

Figure 2. Example of the use of the NEAT tracer code for different
magnetic field.

configurations with better fast particle confining properties
and simpler coils [6].

Surrogate-based optimization techniques were presented to
accelerate performance predictions [7]. Predicting kinetic pro-
files and fusion performance of the core of tokamak plas-
mas has remained a formidable task, as numerical simulations
of realistic plasma conditions can be very computationally
expensive, particularly for the case of modeling core turbu-
lence dynamics. A newly developed technique, PORTALS [8],
leverages advances in surrogate-based and Bayesian optim-
ization to accelerate the convergence of transport solvers.
Simulations of macroscopic transport dynamics together with
nonlinear, delta-f turbulence can now be done routinely with
high physics fidelity, and steady-state solutions are found at a
moderate cost. PORTALS is coupled to the CGYRO [9] and
NEO [10] codes, and predictions of plasmas in theDIII-D [11],
JET, SPARC [8, 12] and ITER [13] tokamaks were presented.

A standard PORTALS workflow [14] is schematically
showed in figure 3. The surrogate-based techniques present
important advantages, such as the potential re-use of training
data to investigate variations in scenario parameters, e.g. input
power or boundary conditions. Figure 4 shows an example
evolution of the residual (difference between transport and
target fluxes) in a standard PORTALS simulation, where the
residual for each channel (electron energy, ion energy and
electron particle) steadily decreases with iteration number,
until convergence is evaluated to occur after 12 iterations. It
also shows the result of simulating the SPARC primary ref-
erence discharge (PRD) [15, 16] with nominal input power
(11 MW) and with full input power (25 MW), all consistent
with nonlinear turbulence as simulated with the CGYRO code.
This work represents a significant step towards the develop-
ment of fast, yet accurate predictive frameworks for the core of
tokamaks. The combination of high physics fidelity and tech-
niques from machine learning has enabled some of the most
accurate predictions of core plasma performance to date.

Renaissance fusion, a nuclear fusion start-up, is pion-
eering a novel approach in the development of High
Temperature Superconductor (HTS) coils for stellarators [17].
The fabrication and assembly of these coils are substantially

3
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Figure 3. Typical PORTALS workflow to find steady-state solutions to core transport dynamics using surrogate-based optimization
techniques.

Figure 4. (left) Typical residual vs iteration behavior of PORTALS simulations, with a restart at iteration 12. (right) Simulated SPARC PRD
profiles for nominal and full input power.

simplified using streamlined coil-winding surfaces and wide
laser-patterned HTS surfaces. Geometric complexity is shifted
from the coil winding surface (CWS) to its current distribu-
tion. Renaissance fusion adopts simple CWSs, e.g. piecewise
cylindrical surfaces, at the cost of more intricate current distri-
butions on said surfaces. These current patterns are obtained
through laser-engraved grooves, which precisely direct the
currents through wide HTS surfaces. Numerical optimizations
of grooved conductive surfaces are presented, accurately gen-
erating target magnetic fields. As a first step towards generat-
ing stellarator fields, the design tool is applied to two axisym-
metric magnets: a gyrotron magnet [18] and a magnetic reson-
ance imaging (MRI) magnet generating highly uniform fields.
Given the target field and a CWS, the current pattern gener-
ating that field is found, where a Tikhonov-regularized least-
squares fitting is employed [19]. Figures 5(a) and (b) shows the
results of such optimization for the gyrotron, and figures 5(c)
and (d) for the MRI. Experimental validation of a gyrotron
magnet was also presented. A gyrotron magnet prototype was
built by juxtaposing aluminum discs of varying widths to

reproduce the corrugated conductor conceived numerically.
Good agreement is shown between the measured and target
profiles, with an error of 1% or less in the region of interest.

A high-speed data acquisition (DAQ) system of negative
ion source breakdown is developed [20]. In long pulse experi-
ments conducted under negative ion source based neutral beam
injection (NNBI), the occurrence of breakdown can lead to
damage of the ion source device. Low-speed DAQ systems
operating in NNBI have low sampling rates, which make it dif-
ficult to characterize the changes of each key electrical signal.
To solve this problem, a high-speed DAQ system based on ran-
dom trigger method, pre-trigger method, multi-threading and
MDSplus DB is proposed. It collects electrical signals for a
short time before and after breakdown. The current sampling
rate of the system can reach up to 2 M Sa s−1, which can
provide high-precision DAQ of key experimental parameters
such as the current and voltage data generated during NNBI
experiment, providing data support for researchers to precisely
analyze the possible causes of system failures and establish
corresponding data samples for fault prediction implemented
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Figure 5. (a) Schematic design of a cylindrical conductor, optimally grooved to generate a gyrotron magnetic field profile. The magnet
comprises 43 aluminum coils connected in series, where blue and red denote clockwise and counterclockwise currents and grey refers to
insulators. (b) Desired magnetic field profile in the gyrotron (blue) and actual field (orange) generated by the configuration in a, along with
the resulting local field error (green, dotted). (c) Like (a), but for an MRI magnetic field, requiring 54 coils. (d) Like (b), but for the MRI
configuration in (c).

based on artificial intelligence. Experimental results show that
the system is stable and reliable, and the acquired waveforms
verify that there are subtle changes in electrical signals before
and during the breakdown.

New machines, such as the ST40 high-field spherical
tokamak [21], typically start with a small subset of dia-
gnostic systems and gradually increase the diagnostic suite to
include more complex and comprehensive systems. To make
the most of each ST40 operation phase, forward models of
various diagnostic systems have been developed [22] to aid
diagnostic design, provide consistency-checks of the com-
missioned instruments, develop analysis methods, and con-
strain higher-level parameters for interpretation and model-
ing. The details of the various forward models implemented
to date were presented. These include passive spectroscopy
diagnostics (e.g. X-ray crystal spectrometer XRCS measur-
ing He-like argon [23, 24] and charge-exchange recombin-
ation spectroscopy CXRS [25]), interferometry, filtered vis-
ible diodes (e.g. for Bremsstrahlung measurements) [26],
Thomson scattering (TS), bolometric and SXR-filtered diode
cameras. The different levels of complexity of the models are
examined, reviewing their limitations when run stand-alone
or integrated in analysis and modeling workflows. Examples
of diagnostic design efforts were presented, as well as res-
ults from recent high ion temperature ST40 plasma discharges
reported in [21, 27–29].

A diagnostic design example is shown in figure 6, where a
tangential bolometer array has been modeled to test for resolv-
ing power and inversion capabilities. While this system can
resolve strong radiation peaking and in-out asymmetries, its
coverage limitations close to the LFS boundary will limit the

ability to constrain edge gradients (d). Moreover, finite volume
of sight (VOS) effects are expected to play a non-negligible
role since on ST40 timescales are fast (milliseconds), and
gradients are large. Figure 6(e) shows preliminary VOS tests
(shaded areas) to investigate the brightness variation across the
viewing cone, while VOS capabilities are being developed.

The analysis of soft and hard x-ray spectra from EXL-
50 was presented [30], which has revealed non-thermal elec-
tron energy distributions. The EXL-50 spherical torus is a part
of the ENN compact fusion project, which utilizes electron
cyclotron wave heating and current drive at both 28 GHz and
50 GHz frequencies, supplemented by a neutral beam injec-
tion (NBI) system. X-ray diagnostics installed on the EXL-50
faced challenges such as low bremsstrahlung intensities attrib-
utable to low plasma densities and the interference from sec-
ondary emissions of high-energy x-rays, see figure 7. Initially,
a toroidal silicon drift detector array system was employed
for soft x-ray spectral measurements [31]. However, the low
intensities of thin-target bremsstrahlung signals, arising from
both low plasma temperatures and densities, necessitated a
shift in approach. The solution involved the deployment of
three individual detectors near the midplane port. This modi-
fication not only enhanced signal intensity but also introduced
the capability to conduct scans across the plasma radius.

The hard x-ray diagnostic efforts also revealed the presence
of thick-target emissions and secondary emissions, necessit-
ating additional measures to mitigate these undesired signals
[32]. Further analysis was conducted on high-energy x-ray
spectra, which were acquired during time segments with con-
stant plasma current after the switch-off of the electron cyclo-
tron wave. The result revealed a linear dependence on plasma

5
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Figure 6. Forward model of a 16-channel tangential bolometer array and phantom test of inversion methodologies: xy and RZ line of sight
(LOS) projections (a), (b), phantom local radiated power and measured brightness for a phantom radiation peaking event (c), (e), test of 1D
inversion for one time-point ((d), phantom in red, reconstruction in blue) and comparison of back-calculated values vs phantom brightness
((f ), same color coding).

Figure 7. SXR spectra recorded during two discharges, illustrating
the presence of superthermal electrons in the low-density discharge
#25082.

current. This observation suggested the energy spectra cor-
responded to thin-target bremsstrahlung. Comparative stud-
ies with simulation tools such as CQL3D and GENRAY cor-
roborated the experimental findings, showing that the com-
bined effects of multiple electron cyclotron resonances and
multi-pass absorption result in a pronounced asymmetric ener-
getic tail in the electron distribution [33]. This tail was pre-
dominantly localized near the second harmonic layer, align-
ing with the asymmetry observed in the hard x-ray intensity
distribution. These results indicate the generation of toroid-
ally asymmetric energetic electrons near the second harmonic
layer, emphasizing the need for robust shielding and optimized
detection pathways to enhance diagnostic accuracy.

A feed-forward pulse design tool was developed to
facilitate the initial design of candidate voltage and current

waveforms for a given set of target separatrix shapes [34].
In the context of plasma scenarios in magnetic confinement
devices, a pulse design represents the specification or plan for
a future pulse. Generation of these plans requires an under-
standing of the scenario’s goals, any constraints that restrict the
design space, and a list of assumptions that must be made in
order to pose a well-formed problem. The feed-forward pulse
design tool was used as an actor within the workflow for the
ITER Pulse Design Simulator, as illustrated in figure 8, which
could also be used for the waveform design on any tokamak.

The feed-forward pulse design tool presented is part of the
NOVA free-boundary equilibrium code. This code includes the
effects of passive conducting structures as well as an automatic
treatment of non-linear constraints such as coil force and field
limits, and plasma-wall gaps. These features free the designer
to concentrate on core design aspects, separating themselves
from algorithmic details encoded within NOVA’s computa-
tionally light feed-forward pulse design tool. A verification of
this tool is made via comparisons to mature scenario simula-
tions analyzed by the DINA code. The computation of a de-
featured plasma scenario with a length of ∼650 s from break-
down to termination requires a wall clock simulation time of
∼5 s run on a laptop computer. A comparison of coil force
and maximum field estimates evaluated at the end of this pulse
show a good agreement between the DINA and NOVA codes.

The performance prediction of the current NNBI facil-
ity was examined [35] based on the physical characteristics
of each key parameter of the ion source. NNBI is currently
being prioritized for long-pulse experiments, with a particu-
lar emphasis on the production of ion sources that can gen-
erate beam lines possessing the appropriate energy and dens-
ity for efficient tokamak NBI. To assess the viability of selec-
ted parameters prior to conducting the experiment, a straight-
forward static performance prediction model was developed.
This model enables the estimation of the potential state of
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Figure 8. A cartoon illustration of a collection of feedback loops ordered in logarithmic time that provide information to guide future
designs. Iteration at the fast end of a Pulse Design Simulator updates on a seconds timescale whilst cycles at the experiment/machine end of
this cartoon requires years to decades before new information is obtained.

the experiment based on the input parameters, as well as the
identification of any conditions that may lead to parameter
breakdown. Additionally, the model provides an approxim-
ation of the negative ion output in the event of parameter
matching. The experimental data was acquired through data
processing and automatic system. Subsequently, a perform-
ance prediction DB was created utilizing the acquired experi-
mental data. After performing data preprocessing, the experi-
mental historical data is partitioned into three subsets. To mit-
igate the potential bias introduced by the data splitting pro-
cess, a dynamic verification method known as ‘K-fold cross-
validation’ is employed. The prediction of performance using
the current parameters is now considered a nonlinear prob-
lem. In order to solve this nonlinear problem and establish
the corresponding static performance prediction model, the
back propagation (BP) neural network is utilized. The con-
struction of the entire model involves two processes: the feed-
forward process and the back-propagation process. During the
feedforward process, the output data of each node is com-
pared with the expected data vector. Subsequently, the gradi-
ent of the error with respect to each node is calculated and the
weights for each node are adjusted accordingly [36]. The static
performance prediction model can avoid the ineffective shot
more effectively and improve the performance of the long-
pulse NNBI experiment, and provide a good encouragement
for the NNBI dynamic performance preview in the next step.

2.2. Information retrieval, dimensionality reduction and
visualization in fusion DBs

The session on information retrieval, dimensionality reduction
and visualization in fusion DBs was chaired by Stillerman and
co-chaired by Xu.

Make Informative and Nice Trends (MINT) is an ITER
graphical data visualization and exploration tool designed
for plant engineers, operators, and physicists [37]. Its
requirements were gathered through interviews with various
stakeholders, and its architecture was planned for a long-term
project such as ITER. As such, a modular design and clear

definition of generic interfaces (abstraction layer) were cru-
cial, providing a robust foundation for future adaptations to
new plotting, processing, andGUI libraries. TheMINT applic-
ation relies on an independent plotting library, which acts as
a wrapper for the choice of underlying graphical libraries.
Data selection and retrieval were also developed as a separ-
ate module, with a well-defined data object interface for easy
integration of additional data sources. The processing layer is
also a separate module, supporting algebraic and user-defined
functions.

A framework for describing distributed real-time control
systems was presented [38]. It was highlighted that mod-
ern real-time plasma control systems (PCS) will be modu-
lar and distributed, providing advantages such as component
isolation, simplicity, robustness, scalability, and the ability to
utilize heterogeneous execution environments. The associated
challenges of system complexity and communication-related
delays were also discussed. The framework was detailed,
explaining its components and the schema for describing
the interfaces between components, function blocks, and the
deployment of real-time actors on computers running a real-
time framework. This solution is implementation-agnostic and
can generate artifacts to drive specific real-time systems. As
a demonstration, the framework was applied to the control
system of a small magnetic levitation device. Deployment
stubs for bothMDSplus/MARTe2 and SCDDS/MARTe2 were
produced, and these were used to implement controllers
deployed to operate the device. It was also noted that this
metadata framework can be applied to modular simulation
environments.

The first steps in designing and developing an intra-pulse
data analysis chain for ITER was presented [39]. An infra-
structure is set up with on-demand calculations governed by
one or more supervisors, which launches different workflows.
The supervisor will manage the workflows, the pulse time
points to be calculated and the general status of the compu-
tational infrastructure. Plasma parameters can thus be calcu-
lated during the pulse from diagnostic measurements. A first
implementation of a workflow has been shown using synthetic
magnetic measurements, and from there inferring the plasma
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equilibrium. Initially, a set of magnetic measurements are
calculated. This requires knowledge of the poloidal flux from
the desired ITER scenarios, together with the corresponding
plasma current and the machine description of different com-
ponents that determine the behavior (like passive structures,
wall, and toroidal field coils). A Bayesian inference process
is used to add uncertainties and interpolate the data, ensuring
a more realist set of signals. An important aspect of this syn-
thetic diagnostic for magnetics data is the introduction of a
frequency-dependent noise (lower power at high frequencies)
which closely mimics the usual hardware noise. This data is
written to self-describing netCDF file(s) and will be used as
input information to the real-time processes as implemented
by the magnetics plant systems. To save network bandwidth,
the data is encoded. Then the data is streamed for archiving
and stored as HDF5 files. This part is executed in the Plant
Operation Zone network (POZ), with the aim to simulate a
complete signal acquisition chain of the magnetics diagnostic.
From here, they are handled as real plant signals, being trans-
ferred to the external plant network (XPOZ), down sampled
and used as the initial data for a short intra-pulse analysis
workflow. Here, an equilibrium reconstruction is calculated,
which is then displayed in the temporary control room live
display.

Most DBs in fusion research are devoted to a single topic,
such as energy confinement, H-modes, profiles or disrup-
tions. In order to allow for a wider range of analysis, mod-
eling and validation tasks, a broad-based multi-purpose DB,
JETPEAK, has been developed for JET [40]. This DB cur-
rently includes 27 065 stationary state (∂/∂t ≈ 0) samples,
and near 1000 scalar, 1D (profiles) and 2D (R&Z depend-
ent) variables grouped into topical structures. A similar DB
has been created for the TCV tokamak, comprising 65 000
samples reaching back to early TCV operation in the nineties.
The breadth and flexibility of these DBs allows them to be
used for a wide variety of investigations such as modeling
tasks, confinement scaling, testing, validation and benchmark-
ing of algorithms and modeling codes, long term monitoring
of device conditions as well as for documentation.

An Integrated Control System (ICS) of the NBI system is
designed [41] to coordinate the operation of various subsys-
tems of NBI while ensuring steady-state operation of entire
system and the safety of experimenters. The control system
adopts a distributed design structure to balance the system
load. It is designed based on the idea of Internet of Things
(IoT), which includes comprehensive perception, transmis-
sion and intelligent processing. IoT identifies ‘things’ from
the perception layer, transmit the perceived data through the
network layer, and finally realize the corresponding applica-
tions. Similarly, NBI ICS needs the following three elements:
the first is Control, which must be able to complete the con-
trol tasks accurately, timely and precisely; the second is the
need for reliable communication, including the communica-
tion between the various nodes of the system and the acquisi-
tion and storage of data; the third is its ability to complete and
optimize the accuracy and credibility of the prediction model
through the massive amount of data. A distributed control sys-
tem design for NBI based on IoT idea can be shown in figure 9.

As an example, if the EASTNBI ICS is built using the OPC
UA protocol (a way to build an IoT network), it can utilize its
special address space to connect multiple subsystems of the
NBI system to eliminate interoperability barriers between dif-
ferent hardware platforms and automation software. In addi-
tion, it enables communication between any node of the sys-
tem and the accurate exchange of data and control across
multiple platforms and protocols. The concept of distributed
objects can also be used to transform the digital model of mul-
tiple subsystems of NBI so that different software can control
the devices as if they were invoking objects. In terms of com-
munication, according to its official introduction, there is no
need to make large-scale modifications to the existing system,
only the OPC UA server, OPC UA client or OPC UA protocol
stack needs to be added to the initialization part of each sub-
system in order to make it work automatically. Therefore, IoT
allows interoperability between subsystems of different archi-
tectures, systems and platforms. Also, if a part of the system
needs to be added or removed, this will be easier to accomplish
due to the reduced coupling.

Designing smart ICS using IoT is just a concept now, and
the actual implementation may encounter various challenges,
including privacy, security and economy issues. Therefore, the
realization of intelligent control systems may still have a long
way to go.

The session also focused on data analysis tools to ease
exploitation of complex fusion data sets. In this regard, there
were four talks, two on service-based analysis and machine
learning platforms, one on integrated modeling & analysis
suite (IMAS), and one on the data processing of neutral beam
data. An underlying theme of all of them is to tame the com-
plexity of data sets and high-level analysis.

Machine learning methods are used as a service to optimize
tokamak operations [42]. Tokamak operations and datasets of
fusion plasma research are complex and hard to analyze, and
traditional methods usually struggle to handle this complexity.
To address these challenges, a local artificial intelligence-as-a-
service (L-AI-aaS) platform is developed for WEST tokamak.
L-AI-aaS platform aims to enhance and optimize data analysis
by integrating data from various sources involved in WEST
Tokamak experiments. Once the data is integrated, the plat-
form will utilize AI algorithms to allow rapid insights extrac-
tion that are important for both ongoing and future exper-
iments, such as disruption and anomaly detection in pulse.
It can also assist in discovering new phenomena and accel-
erate the researcher outcomes. Moreover, the L-AI-aaS plat-
form will serve as a decision-support tool for researchers. The
AI-trained models and services on the platform will provide
researchers with increased visibility into the data, thereby
helping them in making informed decisions about their experi-
ments. This is an important step forward in operational fusion
plasma research, as it helps researchers to focus on design-
ing and interpreting experiments, rather than focusing on data
management and preliminary analysis.

The AI operations pipeline consists of data labeling, con-
textualization, and quality checks (see figure 10). In addition,
a proposed workflow for an assisted labeling service is demon-
strated. Note that the platform is currently in the prototype
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Figure 9. Distributed design of NBI based on IoT.

Figure 10. Local artificial intelligence-as-a-service (L-AI-aaS) architecture. Reproduced with permission from [42].

stage and is still under development. For example, algorithms
like dynamic time warping (DTW) and K-means clustering
can be used to extract shape-based similarity measures in time-
series DB. These algorithms are useful in applications where
the goal is to find a set of pulses that carry similar physical
information for further analysis. Figure 11 shows how clus-
tering techniques group sets of pulses from the DB based
on their plasma current values over time. Implementing this
approach has its own challenges, including the complexity
of managing data from multiple sources, the need for high
computing power, and the possibility of algorithmic biases.
Despite these challenges, AI applications still hold the poten-
tial to advance fusion plasma research.

A new web-based user interface for a distributed data
analysis system has been developed [43]. This tool focuses

on providing a simple-to-use, federated platform to access
to (annotated) data and fine-trained models, share validated
algorithms and dedicated hardware, allow for new unanticip-
ated development, and ease communication, reproducibility
and replicability. This makes results easier to obtain, commu-
nicate and reproduce or replicate. In this system the code is
specified by drawing a graph of the operations. The user spe-
cified graph is fed to a ‘coordinator’ which sequences and dis-
tributes the tasks, as shown in figure 12. This provides secure,
remote access to data and computing power allowing users to
operate from any device. It has an intuitive and easy to learn
UI. Work is performed in a distributed environment. The sys-
tem allows integration of code, common and private, different
programming and support the building of a community in a
federated form.
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Figure 11. Results of dynamic time warping (DTW) and K-means
clustering to identify similarities among different pulses in database,
focusing on plasma current signals. Reproduced with permission
from [42].

Figure 12. A ‘coordinator’ which sequences and distributes the
tasks. Reproduced with permission from [44]. / 2023 The Author(s).
Published by Elsevier B.V. CC BY-NC 4.0.

A new simulation data management tool has been
developed [45], which presents new solutions to the ITER
simulation management and remote access, and facilitates
findable, accessible, interoperable, and reusable (FAIR) data
access to the ITER simulation catalogue. While the IMAS
[46] is being developed further, the number of simulations
available in IMAS is increasing both at ITER and within the
Members. As a result, tools are needed to manage, curate and
expose the large IMAS simulation DBs to the potential users.
Ad-hoc solutions have been developed in some cases, such
as the ITER scenario DB (2500+ simulations) and its associ-
ated Python scripts that register some meta-data (stored in a
yaml file associated with each simulation) and then browse or
query this recorded information to identify the simulations of

interest. This solution, while simple to set up, is not generic
(scripts are tightly bound to ITER while IMAS allows for sim-
ulation on any machine), is not meant to scale to a very large
number of simulation counts (queries need to go through all
yaml files) and lacks important features. In order to address
this need for a general purpose tool for managing simulations
in IMAS, a simulation data management tool (SimDB), has
been developed. Using SimDB simulations are ingested along
with meta-data that records the input, output and information
about the code that captures the simulation provenance and
ensures reproducibility of the simulation. Each simulation is
given a globally unique identifier (UUID), and can be pushed
to one or more remote archives where the data can be validated
and made available to other users. The ingested simulations to
be queried via a command-line interface or via a web frontend
using a flexible query syntax. A SimDB catalogue has been
set-up at ITER with meta-data from the dataset description
and summary IDSs being made available and queryable, mak-
ing the SimDB meta-data directly interoperable with other
IMAS-based catalogues. In addition to SimDB, the IMAS
access-layer has been extended to allow for remote access
of IMAS data, using the simulation URIs returned from the
SimDB queries. Based on the UDA client-server solution,
this will allow for secured authentication of users and for
full or partial access to the IDS data as well as controllable
batching of requests to improve the performance depending
on the capabilities of the network. The public SimDB serv-
ers, the SimDB unique identifier and the remote access URI
provides a method to unambiguously refer to IMAS data in
publications, improving the FAIRness of IMAS.

The design of a NBI experimental data processing sys-
tem was presented [47]. NBI requires parameter tuning and
optimization before it can be formally put into operation, so
its operational data is of critical importance to experimenters.
This presentation focuses on the design and implementation
of the NBI data processing system based on the Experimental
Physics and Industrial Control System (EPICS), which is a
three-tier distributed system architecture consisting of ‘task
processing’, ‘storage processing’ and ‘interaction processing’.
A data processing scheme between memories is proposed
based on the double buffering algorithm and MMAP techno-
logy. The principle of double buffering is setting two buffers
and realizing uninterrupted data processing process through
MMAP. While the experimental data is read into the IOC via
‘ai’ for visualization, the data files are uploaded asynchron-
ously to the data server for long-term storage. Through testing,
the data processing rate is about 5 times of the old. In addi-
tion, considering the scalability and compatibility of system, a
device model is proposed based on EPICS to unify the device
abstraction processing format and standardize the subsequent
device development. The asynchronous data processing flow
is shown in figure 13. The data update and transmission
rate of channel archiver is the same as the scanning rate of
EPICS, so a data transmission structure is designed based
on TCP/IP protocol to coping with the higher data sampling
rate.
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Figure 13. The asynchronous data processing flow. Reprinted from [48], Copyright (2021), with permission from Elsevier.

After testing on NBI testbed, the system showed a signific-
ant improvement over the old method in terms of data pro-
cessing. This system will provide more real-time data pro-
cessing for NBI experiments and will be used to cope with
more complex pulse experiments in the future.

The talks in this session all talked of systems to reduce
the difficulty of accessing complex data sets. At least three of
them were either explicitly or implicitly talking about FAIR
(Findable, Accessible, Interoperable, Repeatable) principles.
In our distributed, collaborative, complex field these tools are
needed for effective science.

2.3. IDA and synthetic diagnostics

The IDA session, chaired by R. Fischer and co-chaired by G.
Verdoolaege, focused on recent advancements on the interpret-
ation of experimental data and its augmentation with physics
modeling information.

The session started with an overview on the status and pro-
spects of IDA for present and future fusion devices where a
new modular IDA framework was introduced and a first work-
flow for ITER kinetic profile estimation was presented [49].

For machine control and safety as well as physics stud-
ies, present and future fusion devices have to analyze a
huge amount of measurements coming from many redund-
ant and complementary diagnostics. IDA in the framework
of Bayesian probability theory provides a concept to ana-
lyze a coherent combination of measured data from hetero-
geneous diagnostics including their statistical and systematic
uncertainties and to combine them with modeling informa-
tion. Based on more than 20 years of experience in apply-
ing IDA at various fusion devices, on various combinations
of diagnostics data and various parameter sets, a generic IDA
code package was recently developed to provide a modular
and flexible basic python code to be applied to present and next
generation fusion devices. The IDA ingredients were summar-
ized and the status of the newly developed IDA platform was
presented. The framework allows for modularity with respect
to multi-fidelity forward models and prior information from
low-fidelity profile smoothness constraints up to high-fidelity

physics constraints on profile gradients from transport mod-
eling. Various options for the estimation of physical paramet-
ers of interest and their uncertainty determination were shown.
The linkage with the ITER:IMAS data base and recent applic-
ations are presented in the overview talk.

The second talk addressed an example of density estima-
tion combining reflectometry, TS and lithium beam excitation
spectroscopy (LIB) data and how to validate and handle incon-
sistent diagnostics data employing IDA based on Bayesian
probability theory [50]. Reliable forward models for dia-
gnostic, linking parameter space to data space, are essential
for predicting measurements accurately enough to be used in
a probabilistic IDA approach. This enables the identification
of systematic differences in profiles estimated from individual
diagnostics. IDA at ASDEX Upgrade determines the dens-
ity profiles based on interferometry, TS, LIB, thermal helium
beam, and swept O-Mode reflectometry (REF). The results
from independent diagnostics are not always in agreement,
with situational differences beyond the diagnostic uncertain-
ties. These differences can originate from numerous sources
like invalid assumptions in the forward models, uncertain-
ties in physical hyper-parameters, insufficient calibration of
diagnostics or time-dependent drifts, cross-calibration of dia-
gnostics under critical assumptions. This was exemplified by
a combined analysis of the LIB and TS diagnostics which
was recently complemented by a swept O-Mode reflectometry
diagnostic [51] in the important region around the separatrix.
This allows for validation studies of the diagnostics, as the
forward models generally rely on individual specifications of
the diagnostics—like measurement location and calibration—
and, additionally, the forward models might use mathemat-
ical simplifications to enhance evaluation speed. The newly
developed implementation of the reflectometry forward model
and testing procedures are summarized. Common pitfalls in
test procedures and how to detect and fix them are illustrated.
First results of a validation study on the uncertainties and dis-
crepancies between the three diagnostics are showed based
on experimental data from AUG. The joint analysis of LIB
and REF solves the initialization problem of stand-alone REF
data analysis. While REF agrees with LIB in the scrape of
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Figure 14. Reconstruction of synthetic SXR emissivity: (a) reconstructed emissivity, (b) measured and calculated line-integrated emissivity,
(c) real emissivity (d) reconstructed error, normalized by the maximum emissivity. Reproduced from [52], with permission from Springer
Nature.

layer and close to the separatrix, there is significant disagree-
ment with respect to the TS data close to the pedestal top.
Understanding the limitations of diagnostics and their forward
models is essential for the interpretation and evaluation of
experiments, especially when profiles are used as input to large
modeling codes.

A third example of IDA was shown for soft x-ray tomo-
graphy and tungsten impurity concentration estimation at
WEST [52]. The accumulation of heavy impurities like tung-
sten (W) in the plasma core can be dangerous as it causes signi-
ficant radiative power loss, which may eventually lead to a dis-
ruption. An accurate estimation of tungsten impurity concen-
tration is crucial for impurity control. The emissivity of plasma
radiation from a given species S relies on its density n_S,
cooling factor L_S (dependent primarily on T_e) and electron
density n_e, therefore diagnostics measuring the plasma emis-
sion, for instance the soft x-ray (SXR) diagnostic, can be used
to infer the tungsten concentration. The local SXR emissiv-
ity is reconstructed from the line-integrated emissivity using
a Gaussian process tomography method based on Bayesian
probability theory [53, 54]. This method has been validated on
synthetic data with good performance (figure 14). After apply-
ing a new error model containing background noises [55],
the tests on real WEST data also yield satisfactory results.
The radial tungsten concentration profile is jointly estimated
along with the kinetic profiles using measurements from SXR,
interferometry (for electron density) and electron cyclotron
emission (ECE, for electron temperature) by employing the
IDA approach [56]. An example tungsten concentration profile
reconstructed from synthetic data matches well in the center
of the plasma and the re-integrated SXR emissivity is in good
agreement with the synthetic SXR measurements. However,

further outside the central plasma the uncertainty of recon-
structed cW grows (figure 15), because at low ne and Te the
SXR radiation from tungsten is almost negligible. The full
Bayesian inference based on MCMC sampling is computa-
tionally too expensive. Preliminary investigations have been
done on fast inference of density profile by means of a neural
network surrogate model trained on synthetic interferometry
data.

Neural networks are leveraged in a simulation-based infer-
ence (SBI) for a Lyman-alpha diagnostic at the DIII-D toka-
mak for fast sampling to create a posterior of the neutral
density [57]. Inferring physics parameters from experimental
data is a key analysis need for physicists. Often it is desired
for this inference process to have grounding in detailed mod-
els contained in simulation. SBI are techniques which util-
ize simulations in the forward model and create approxim-
ate posteriors which are faithful to the simulation. Recently
neural networks have been leveraged in SBI to flexibly repres-
ent the underlying Bayesian inference process. The approxim-
ate posteriors generated can be sampled from quickly, which
is attractive for fast between shot-analysis. Ongoing work was
shown in applying SBI to experimental fusion diagnostics,
focusing on optical diagnostics. A synthetic diagnostic for
the Lyman-alpha diagnostic (LLAMA) at the DIII-D tokamak
was created, using the CHERAB code for spectroscopic dia-
gnostics, and the KN1D neutral transport code for relatively
fast neutral density transport. By generating many thousands
of samples of synthetic plasma input profiles, and obtaining
output of the forward model, SBI can be leveraged for creating
an approximate posterior. Neural networks representing nor-
malizing flow for accurate replication of the data distribution
are used. This creates a neural network which can be sampled
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Figure 15. (a) W concentration estimated from synthetic data and (b) re-integrated SXR emissivity. Reproduced from [52], with permission
from Springer Nature.

from quickly to create a posterior of the neutral density given
the measured LLAMA line-integrated radiance.

Turbulence plays a critical role in limiting our ability to
raise plasma core temperature and density profiles. Kinetic
profiles are expected to not only align with experimental
data but also adhere to our expectations of turbulence-driven
logarithmic gradients. An augmentation of IDA of experi-
mental data with modeling data at ASDEX Upgrade was
proposed using ASTRA-TGLF simulations for constraining
the parameter space of profile gradients to adhere to our
expectations of turbulence-driven logarithmic gradients [58].
Bayesian probability theory is employed to augment the IDA
framework using experimental profile data with modeling data
from ASTRA-TGLF simulations [59, 60]. This combination
was tested by comparing heat and particle balances (calcu-
lated by RABBIT [61] and Torbeam [62]) with their respect-
ive fluxes (calculated by TGLF-SAT2 and NCLASS [56]) for
plasma scenarios in both L-mode and H-mode. For a proof-of-
concept work, in which the uncertainties of the simulation are
predefined, electron heat flux match was improved by a factor
of three, particularly in the mid-radius region where a pre-
determined 10% uncertainty was assumed. The ion heat flux
was found to be less sensitive to the electron profile chosen
but largely dependent on the ion profile which is not yet fitted
with a kinetic modeling prior. The particle flux match showed
promise, especially for cases with higher flux, though there
is still room for refinement (especially as particle flux model-
ing becomes more of a focus for transport codes). To ensure
that the kinetic model does not overrule the measurements,
the residuals of various diagnostics are validated for different
plasma scenarios. It was found that the kinetic modeling prior
does not deteriorate the diagnostic match significantly. To fur-
ther safeguard against a potential negative impact of the kinetic
model on the profiles, a Student’s t-distributionwas considered
for the modeling data, which accounts for outliers due to its
long tails. The Student’s t-distribution was shown to be espe-
cially valuable when the kinetic model failed to predict a large
2/1 neoclassical tearing mode due to missing physics. The the-
ory informed profiles have been tested as a starting point for
high-fidelity GENE validation simulations. Using the new pro-
files for GENE applications could save large computational
resources as the input is closer to the final predicted gradients.

In integrated modeling (IM) workflows synthetic dia-
gnostics are coupled as persistent actors in Bayesian inference
analysis via the use of the Muscle3 coupling library [63, 64].
An overview of the diagnostic models available in the IMAS
[46] to model the ITER instrumentation systems were given.
Some use cases were described in which synthetic diagnostics
are applied to perform physics data analysis and develop
plasma modeling tools. The use of diagnostic models in work-
flows doing Bayesian inference analysis were presented where
the concept of persistent actor framework was employed.
Synthetic diagnostics help to development the ITER PCS [65]
and its simulation platform (PCSSP) [66] through the design
of its support functions and the application of its control
algorithms inside co-simulations combining IMAS models
with Matlab/Simulink controllers. This type of co-simulation
is made possible via the use of the Muscle3 coupling lib-
rary within the so-called persistent actor framework [67]. This
framework facilitates the communication between various act-
ors (models) in an integrated simulation across languages and
domains. A closed-loop prototype was presented where the
plasma density measurement is simulated by an interferometer
model that provides the signals through the real time data
network (represented by the real_time_data Interface Data
Structure or IDS) to a Matlab/Simulink controller. This con-
troller in return sends a command, still through the real-time-
data IDS, to a gas puff model that adjusts the gas injection. As
such, an external source of particles is injected into a trans-
port model, which evolves the plasma density accordingly.
Methods to extend this prototype to more sophisticated plasma
simulators were discussed, since the persistent actor frame-
work can be used for co-simulations between PCSSP control-
lers and high fidelity or pulse design simulators, e.g. in the
context of free-boundary control simulations for the validation
and verification of models, workflows and controllers.

Finally, a Bayesian approach for estimating the kinematic
viscosity model in reversed-field pinch fusion plasmas was
presented [68]. A fundamental feature of reversed-field pinch
fusion plasmas is the formation of helical self-organized states.
In the past few decades, MHD theory and numerical simu-
lations have played a key role in describing these states. An
important parameter is the dimensionless Hartmann number
[69], which is determined by the resistivity and the viscosity.
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Table 1. Bayes factors between the different viscosity models.

Viscosity models being compared Log Bayes factor

Perpendicular Braginskii vs. gyro Braginskii 212
Gyro Braginskii vs. ITG 259
ITG vs. Finn 353
Finn vs. parallel Braginskii 653

It can be interpreted as the electromagnetic equivalent of the
Reynolds number and it turns out to be the ruling parameter
in the 3D nonlinear visco-resistive magnetohydrodynamics
activity. However, there is no consensus regarding the the-
oretical model for the kinematic viscosity coefficient. There
are five candidate models according to the various momentum
transport theories developed for hot magnetized plasmas:
three classical viscosities derived from the closure proced-
ure leading to the Braginskii equations, the ion temperature
gradient viscosity, describing a mode that damps the velo-
city fluctuations, and the Finn anomalous viscosity according
to the Rechester–Rosenbluth model. The viscosities and the
Hartmann number were calculated using measurements from
RFX-mod. A power-law dependence was then sought between
the Hartmann number and the amplitude of the m = 0, 1 sec-
ondary modes. Our approach, using Bayesian statistics, out-
performs the previous analysis based on simple least squares
fitting. First, by computing the Bayes factor [70], it is inferred
that a constant relative error is a better model for the uncer-
tainty in the regression analysis. Second, errors on the plasma
parameters and their role in error propagation were taken into
consideration. Third, Bayes factors between the different vis-
cosity models were used to infer the optimal viscosity model,
in a more robust way compared to the earlier approach based
on correlation coefficients and simulations (table 1).

The optimalmodel, identified through the Bayesian proced-
ure, agrees with physical motivation [71]. More generally, the
work has demonstrated the potential of the Bayesian approach
in other model selection problems in fusion, using a rigorous
and robust statistical methodology.

2.4. Inverse problems (INV)

The section on inverse problems was chaired by G.
Verdoolaege and co-chaired by Mazon and Murari. In sci-
ence, an inverse problem can be defined in full generality as
the task of calculating from a set of observations the factors
that generated them [72]. Such problems are called inverse
because they are meant to derive the causes from their effects.
They can therefore be considered the opposite of forward
problems, whose objective is calculating the effects of causes.
Many data-centric problems in fusion are ‘inverse’ in nature,
i.e. they involve extracting unknown parameters and causes
from observations. Indeed many fundamental measurements,
being based on the plasma natural emission, require some form
of inversion to be interpreted and provide the required phys-
ical information: the measurements to obtain the magnetic
topology, tomographies, videos and nuclear detectors are just

some examples. In general, the interpretation of these meas-
urements needs solving mathematically ill posed inversions
and therefore present issues such as: estimating the confid-
ence intervals in the results, dealing with the consequences of
noise, minimizing bias effects. Various approaches to address
these difficulties have been demonstrated for the case of tomo-
graphic inversion of emitted radiation measurements [73].

Accurate measurement and control of radiation emitted
by thermonuclear plasmas is crucial for successful opera-
tion of fusion reactors. This information is relevant to many
aspects ranging from power balances and impurity transport
to power exhaust and disruptions. Current tokamaks use bolo-
meters to measure plasma emission, but they only provide
line-integrated values and require an inversion technique for
obtaining local information. Tomography inversion is a com-
monly used approach for obtaining high spatial resolution
reconstruction of the emissivity, but it is slow and unsuitable
for real-time use. The main present day research efforts are
therefore focused on twomain aspects: (a) the improvement of
the quality and reliability of the offline inversion algorithms,
(b) the development high time resolution low spatial resolution
inversion methods [74].

On the Joint European Torus (JET) first and more recently
on ASDEX-Upgrade (AUG), an Expectation Maximization
algorithm has been implemented to derive the maximum like-
lihood (ML) agreement between the line integrated measure-
ments of the radiation, and the reconstructed tomograms rep-
resenting specific poloidal emissive distributions. The main
and most distinctive feature of the method is the capability
of estimating the variance related to the reconstructed tomo-
gram and, consequently, of evaluating the uncertainties in the
derived quantities.

Since the first implementations on JET, devoted to the
gamma and neutron measurements [75, 76], in the last years
more attention has been devoted to the bolometric tomography
[77, 78]. Dedicated studies have been performed to improve
the outputs of the ML tomographies [79] and consequently,
to increase the reliability, quality and accuracy of the derived
quantities. The algorithm developed can handle missing or
unreliable LOSs due to faults that might occur during an exper-
imental campaign, as well as systematic errors and outliers in
the measurements [80, 81]. More recently, two upgrades have
been developed and implemented to: (a) minimize the risk of
producing artifacts, unavoidable and unwanted features that
can strongly influence heat transport and turbulence studies
(see figure 16) [82]; (b) to handle the asymmetric brightness
on LOSs, due strong gas puffing close to one of the bolometer
arrays [83]. The developed algorithm is therefore probably
one of the most complete and advanced available nowadays in
the fusion community. Having proved the portability between
devices, efforts have been spent, and are also currently on
going, to develop a real-time version compatiblewith the ITER
fast controller platform. Such efforts succeeded at reducing by
a factor ten the time interval required for estimating a recon-
struction, paving the way at least for an intershot application
of the ML code in future versions [84].

Plasma instabilities can be associated with many radiation
patterns differing in localization, shape intensity and time

14



Nucl. Fusion 66 (2026) 017002 Conference Report

Figure 16. Example of ML tomography showing the effect of correcting of the artifact in the core. Left: corrected tomogram. Right: non
corrected tomogram. Reproduced from [82]. © IOP Publishing Ltd. All rights reserved.

evolution. Some of them can rapidly yield to the loss of plasma
confinement [85]. A fast inversion technique that provides a
fast time reconstruction has been developed [86]. Indeed by
decreasing the grid resolution allows a fast inversion of the
line integrals, even though a lower spatial accuracy is obtained.
Nevertheless, by selecting accurately the regions of interest it
is possible to maintain sufficient local information. Different
regions of interest can be defined by grouping the lines of
sight from the horizontal and vertical cameras and intersect-
ing them in the right combinations (see figure 17). Then the
inversion is performed by using a nonnegative linear least-
squares algorithm. The reliability of the method has been
demonstrated by analyzing numerical generated patterns and
the accuracy is evaluated considering different shapes and pos-
itions of emitted regions. Further validation of the method is
offered by comparison with the established ML tomography
reconstruction on different discharges of JET with a metal-
lic wall. The radiation estimated by the fast inversion tomo-
graphy is typically within 20% of the value calculated with the
well-established and validated ML approach. Finally, an ana-
lysis of the main radiation patterns has been performed with
this developed method in order to understand the mechanism,
which can induce the plasma to disrupt. The achieved results
suggest that fast inversion techniques, of the type developed
for JET and AUG, are promising tools for real-time radiation
monitoring and control in fusion reactors.

2.5. Analysis of time series, images and video: detection,
identification and prediction (TIV)

This session was chaired by Vega and co-chaired by Murari
and was devoted to the automatic recognition of physics events
in time series, images and video-movies.

Even if the understanding of the tokamak configuration has
progressed significantly in the last years, these devices are
all plagued by the collapses of the plasma called disruptions
[87]. In the next generation of devices, their consequences

can be harmful for the integrity of the devices, in addition
to slowing down the scientific exploitation as in present day
experiments [88, 89]. Moreover, devices with metallic plasma
facing components, similar to those foreseen in future react-
ors, are also vulnerable in this respect, particularly when oper-
ated allow q_95 around 3. Since first principle models based
are not mature enough to provide reliable disruption predic-
tions in real time, data driven classifiers based on machine
learning technologies are being developed [90]. The present
day research in this field is moving into two main directions
(a) improving the indicators and the training methodologies to
provide tools adequate to perform avoidance and not only mit-
igation (b) developing techniques and methodologies to per-
form reliable predictions for mitigation with a limited number
of signals, situation typical of the beginning of the operation
in new devices.

With regard to the first topic, all JET discharges in cam-
paigns C38 to C41 have been analyzed. They include high
power experiments in deuterium, full tritium, and D–T, for
a total of almost 1700 pulses (see table 2). Only intentional
disruptions and a few discharges missing essential data have
been excluded. The results of a systematic analysis of these
campaigns have allowed to confirm the main plasma dynamic
routes leading to the beginning of the current quench, showed
in figure 18 [91]. Almost all disruptions are preceded by
anomalies in the radiation patterns, which either cause or
reveal the approaching collapse of the configuration. Given
the influence of these radiation anomalies on the kinetic pro-
files and the magnetic instabilities, a series of innovative and
specific elaborations of the various measurements, compat-
ible with real time deployment, is required. The data-driven
indicators derived from these measurements can be inter-
preted in terms of physics-based models, which allow determ-
ining the sequence of macroscopic events leading to disrup-
tions. The computational and warning times are such that
the control systems of future devices are expected to have
more than sufficient notice to deploy effective prevention
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Figure 17. Definition of the macroviews and macropixels for the fats time resolution tomography on JET. Reprinted from [85], with the
permission of AIP Publishing.

Table 2. Statistical results for the discharges in JET campaigns
from C38 to C41, including experiments from high power
deuterium to full tritium and DT. Only seven disruptions do not
present a radiation anomaly.

C38 C39 C40 C41 Total Hybrid

Total 907 168 310 298 1683 442
Safe 653 133 184 171 1141 336
Disruptive 254 35 126 127 542 106
Flat top disruption 62 23 33 33 151
Ramp down disruption 192 12 93 94 391

and avoidance measures [89]. It should also be mentioned
that all the developed predictors implement various forms
of open world learning [92, 93]. They can therefore start

predicting with a minimum number of examples, in prin-
ciple one disruptive and one safe discharge. Moreover, they
adapt autonomously to the evolution of the experimental pro-
gramme. Transfer from different machine has also been suc-
cessfully achieved [94].

With regard to the development of predictors using a min-
imum of diagnostics, an important aspect is to determine the
perdition time horizon of each signal. In this direction, a series
of methods, based on the time series analysis of the main
plasma diagnostic signals, are used to determine when signi-
ficant changes in the plasma dynamics of the tokamak con-
figuration occur, indicating the onset of drifts towards a dis-
ruption. Dynamical indicators, such as embedding dimension,
0–1 chaos test, recurrence plots measures, but also informa-
tion theoretic criteria, such as information impulse function
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Figure 18. Main types of plasma evolution leading to a disruption.

quantifying information without entropy, have been tested to
detect the time intervals when the plasma dynamics drifts
towards situations that are likely to lead to disruptions [95].
The refined techniques have been tested with signals, such
as the plasma current or the line integrated density (LID),
which are expected to be available on the first day of oper-
ation of any major future device. The methods allow a good
estimate of the intervals, in which the anomalous behaviors
manifest themselves, which is very useful for building signi-
ficantly more appropriate training sets for various kinds of dis-
ruption predictors. As they are based on completely different
mathematical principles, they are providing robust informa-
tion about these intervals. On JET the length of these intervals
is of the order of 300 ms, more than sufficient to deploy mit-
igation techniques. Some of the developed methods may also
be implemented themselves as stand-alone predictors for real
time deployment, since they require computational times of
the order of 1 ms.

Concerning the second topic mentioned above and related
to the development of techniques to perform reliable disrup-
tion predictions for mitigation with a very limited number of
signals, it is important to mention its vital importance in the
beginning of the operation of new devices. For example, the
JT-60SATokamakwill start the operation with a reduced num-
ber of diagnostics [96]. In particular, its list of real-time signals
connected to disruptions is very restricted and they show a lim-
ited capability to recognize incoming disruptions with enough
anticipation time. In this respect, it is important to emphasize
the lack of a real-time mode lock signal in JT-60SA, mainly
when this signal is a typical reference to identify forthcoming
disruptive events. However, a LID signal will be available in
real-time and it has been recently shown its real-time capabil-
ity to predict disruptions [97].

Due to the fact that JT-60SA will start the operation with
a C-wall, disruption prediction with a LID signal has been
accomplished with the JET DB and C-wall discharges. A total
number of 1437 discharges have been analyzed (85 uninten-
tional disruptions and 1352 non-disruptive shots). The LID
signal chosen for this has been a vertical chord through the
plasma center.

The dataset of 1437 discharges has been processed in chro-
nological way as it would happen in the real production of dis-
charges. The first 42 shots in the DB are non-disruptive and,
therefore, a first predictor is obtained with 42 non-disruptive
and 1 disruptive discharges. The predictor is based on a single
signal: the LID signal. Because the simple amplitude is not

Figure 19. Disruptive and non-disruptive examples corresponding
to 42 non-disruptive discharges and 1 disruptive discharge.

enough to distinguish between disruptive and non-disruptive
behaviors, the space of consecutive samples is used [98]. This
is a two-dimensional space in which the amplitudes of con-
secutive samples are related. If the temporal evolution of the
signals is smooth, the points are concentrated around the diag-
onal. Abrupt changes in the amplitude reveal the presence of
plasma instabilities (plasma anomalies, in general) and the
points appear far enough from the diagonal.

Figure 19 shows the disruptive (red squares) and non-
disruptive examples (blue points) to create a first predictor.
This classifier is determined with Support Vector Machines
(SVM) and a Radial Basis Function (RBF) kernel. By apply-
ing this predictor to the rest of discharges in the dataset, the
results that are obtained appear in table 3 [99].

Table 3 shows that a LID signal can be used to predict
disruptions. More than 95% of the disruptions are detected.
However, it is important to mention that half of them are tardy
alarms (they are detected after the disruption). On the other
hand, the rate of false alarms is very high.

By following an adaptive approach, (i.e. the predictor is
retrained after missed or tardy alarms), results are improved
and are shown in table 4 [97]. In total, 10 retrainings have been
carried out (1 after a missed alarm and 9 after tardy alarms).
A comparison with table 3 reveals a better success rate and
a drastic reduction of both false alarms and average warning
time.

Results in table 4 support the fact that a single LID sig-
nal can be used to predict disruptions. In fact, the average
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Table 3. Results with the training set of figure 19 and an SVM model with RBF kernel. It corresponds to 1394 discharges (84 disruptive
shots and 1310 non-disruptive shots).

Success rate

Success rate
with positive
warning time Tardy alarms False alarms

Average
warning time

95.24% (80/84) 45.24% (38/84) 50% (42/84) 11.53% (151/1310) 3.3 s

Table 4. Results after 10 retrainings. The successive models are obtained with SVM and RBF kernels.

Success rate

Success rate
with positive
warning time Tardy alarms False alarms

Average
warning time

98.81% (83/84) 88.10% (74/84) 10.71% (9/84) 2.14% (28/1310) 0.558 s

Table 5. Results after eight re-trainings with the database of 1394 JET discharges.

Success rate

Success rate
with positive
warning time Tardy alarms False alarms

Average
warning time

98.81% (83/84) 90.48% (76/84) 8.33% (7/84) 1.15% (15/1310) 0.112 s

warning time (hundreds of ms) is similar to other predictors,
for example the APODIS predictor installed in the JET real-
time network [100].

It is important to note the good results in terms of disrup-
tion prediction that are shown in table 4. They correspond to
the use of a single signal (a LID signal) and without taking into
account the mode lock that is the reference signal used for dis-
ruption prediction from years ago [101, 102]. A question that
arises is: could the mode lock be used to improve the results of
table 4? To answer this question, it should be noted again that
the case that is being analyzed contemplates the fact that the
mode lock signal is not available in real-time. In spite of this,
could off-line versions of the mode lock be used to increase
the good results of table 4? Vega et al have shown in [99] that
this is possible by making use of the learning under privileged
information (LUPI) paradigm [103]. The LUPI application to
disruption prediction consists of using LID andmode lock data
at training time to create a predictor but using only the real-
time information of the LID signal to make predictions. Again,
SVMwith RBF kernels has been used for this purpose with the
JET DB mentioned previously. Re-trainings have been carried
out after tardy andmissed alarms. Results are shown in table 5.

From table 5, it can be deduced that the application of
the LUPI paradigm with the LID and the mode lock signals
at training time and just the LID signal at execution time,
improves the prediction results: better success rate with pos-
itive warning time, better tardy alarm rate, better false alarm
rate and better warning times for mitigation purposes.

In addition to disruption prediction, the session devoted to
‘Analysis of time series, images and video’, provided cutting
edge results in several aspects. Concerning the need of real-
time analysis, Ruiz et al [104] summarized the implement-
ation of two intelligent data processing applications in real-
time heterogeneous platforms. The first one was related to dis-
criminate between gamma and neutron pulses acquired using a

scintillator through the use of deep learning techniques imple-
mented with 1D convolutional neural networks (CNNs) and
high-sampling rate analog to digital converters (ADCs) [105].
The second application [106] uses the ‘connected components
labelling’ algorithm to detect hot spots in an image acquired
with a high speed camera.

Also, there were contributions connected to the subject of
event detections. In particular, a comparative study of meth-
ods and its application to edge-localized modes [107] was dis-
cussed. Moreover, a specific technique to find jumps in wave-
forms was presented [108]. In addition to these, there was a
talk about the detection of thermal events bymeans of machine
learning with application to the feedback control of thermal
loads in Wendelstein 7-X [109].

Especially relevant was the presentation about predictive
maintenance for both diagnostic and control subsystems [110].
Emphasis was given to failure prediction to prevent unexpec-
ted downtime. To this end, data-driven models based on past
historical data need to be developed. Particular methods of
machine learning techniques can help in the model develop-
ment, for instance, non-supervised clustering, outlier recogni-
tion, change point detection or threshold techniques. Examples
were given with the ohmic heating circuit at JET.

As it is well known, nonlinear coupling of modes is import-
ant to study instabilities. Bi-spectral analysis is the routine
tool for these purposes. Zang presented an alternative method
based on the Hilbert transform to track the phase evolution
of a coherent mode [111]. The time resolution of this method
was shown to be better than the corresponding to wavelet bi-
spectral analysis. Results were presented with both HL-2A
data and Heliotron J data.

Moreover, intermittent fluctuation studies of far-scrape-off
layer time series measurements from gas puff imaging and
mirror Langmuir probes at various line-averaged densities in
Alcator C-Mod were shown [112]. The contribution reported
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the scalings in the intermittency, flux and mean waiting times
and mean amplitudes in the framework of stochastic model-
ing in Alcator C-Mod and how this changes with core plasma
density [113].

2.6. Uncertainty propagation, verification and validation in
modeling codes and data fusion (UNC)

The session on uncertainty propagation, verification and val-
idation in modeling codes and data fusion was chaired by
Pinches and co-chaired by Fujii and Yokoyama.

The presentation of Stefano Carli [114] shows how adjoint
sensitivity analysis enables uncertainty quantification (UQ)
for plasma edge codes. Plasma edge codes like SOLPS-ITER
[115] are currently the main tools for interpreting exhaust
scenarios in existing experiments, and for designing next step
fusion reactors like ITER and DEMO. These codes typically
couple a multi-fluid model for the plasma with a kinetic model
for the neutral particles. While the former is implemented in
a (deterministic) Finite Volume setting, the latter is solved
with (stochastic) Monte Carlo (MC) methods, making simu-
lations computationally expensive. Moreover, several sources
of uncertainty are present throughout the complex simula-
tion chain: starting from the magnetic equilibrium reconstruc-
tion, which forms the basis for the plasma mesh; going over
unresolved physical phenomena requiring closure terms and
related parameters, such as anomalous transport coefficients;
and finally, a plethora of uncertain input parameters, such as
atomic physics rates or boundary conditions. Therefore, UQ
for model validation with plasma edge codes appears a chal-
lenging task, which is presently precluded by the high compu-
tational costs.

The adjoint sensitivity analysis is based on algorithmic
differentiation (AD), which provides floating-point accurate
sensitivities for complex codes in a semi-automatic way [116].
Such sensitivities are then fed to gradient-based optimization
methods, which are employed to solve the backward UQ prob-
lem, also known as parameter estimation or model calibration.
Casting this estimation into a Bayesian maximum a posterior
(MAP) setting, one can consistently account for information
and uncertainties from different diagnostics [117]. The main
limitation of this framework is that currently only an approx-
imate fluid neutral model can be employed. The more accurate
MC model requires dealing with statistical noise in the sens-
itivity computation. It is shown that this can be accommod-
ated in a discrete adjoint setting [118] and report on first res-
ults employing AD [119]. Finally, it is shown how a combina-
tion of finite differences and adjoint sensitivities, also known
as an in-parts adjoint technique, allows sensitivity propaga-
tion throughout the whole simulation chain, including mag-
netic equilibrium reconstruction [120].

The mapping of experimental data to IMAS IDSs is
discussed [121] as a prerequisite for the validation of tools
both directly against experimental data and also in comparison
with existing tools used on today’s research facilities. The suite
of tools being developed to support the preparations for ITER
operation, including data interpretation and analysis, and the
refinement of the ITER research plan, are underpinned by a

common data representation that forms the basis around which
the IMAS is built and which strives to make fusion data more
FAIR. Adopting a common standard for the representation of
data allows tools to be interoperable and for them to be tested
and validated on present day experimental data, with the aim
of accelerating the transition from initial testing to production-
ready applications that would otherwise have to wait for the
start of ITER operations and the production of ITER data.
The data model itself is described by a data dictionary that
follows a well-defined life-cycle and evolves in response to
community needs, with most changes arising from its applica-
tion to new use cases while improving data reusability. In this
presentation, the mapping of experimental data to IMAS IDSs,
both dynamic and static, as well as their accessibility, are dis-
cussed. Effort has already started on many devices to begin to
map their experimental data into IDSs including AUG, DIII-
D, EAST, JET, KSTAR, MAST-U, and TCV, whilst on WEST
their plasma reconstruction chain [122] is now wholly based
upon the IMAS data representation. In addition to the valida-
tion of software tools and workflows, the populated data struc-
tures can also be validated using a recently developed tool that
forms part of the IDStools package. This uses extensible rules
to validate against generic physics and data constraints, as well
as use case-specific rules, e.g. for a particular device such as
ITER or when developing a specific DB for specific events
such as disruptions.

2.7. Advances in data science, probabilistic methods and
machine learning (ADV)

The session on advances in data science, probabilistic methods
and machine learning was chaired by Churchill and co-chaired
by Verdoolaege.

Kwon and Lee [123] presented the Multi-Scale Recurrent
Transformer system, a deep learning model for forecasting the
temperature of superconducting coils, as it is important to pre-
dict the temperature of superconducting magnets to prevent
excessive temperature rise of coils. The system recurrently
predicts future temperature data of the superconducting coil
using previous data obtained from a multi-scale KSTAR PF
coil dataset and latent data calculated from previous time step.
A multi-scale temperature subsampling approach is applied in
the model to learn both the details and the overall structure of
the temperature data effectively.

Liu [124] presented the data processing of radially distrib-
uted BES measurements related to the two-dimension map-
ping of the avalanche structure and its related impurity ana-
lysis in the HL-2A neutral beam heated H-mode plasmas. To
gain deeper understanding of the generation of avalanche, the
cross-correlation function (CCF) analysis has been performed
to the radially distributed BES channels illuminating a radi-
ally elongated structure. In addition, it is demonstrated that
the avalanche gets energy from and modulates ambient tur-
bulence via nonlinear interaction from the bi-spectrum ana-
lysis of the density and magnetic fluctuation data. The impur-
ity behavior during avalanche is also investigated by numer-
ically simulating the impurity transport process. The impurity
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data analysis suggests that the avalanche provide a transport
channel for avoidance of heavy impurity accumulation.

Hall [125] investigated the issue of the strongly reduced
scaling of the global energy confinement time with machine
size in ELMy H-mode tokamak plasmas, when comparing
the recent ITPA20 scalings with the IPB98(y,2) scaling law.
One of the notably different dependencies lies in a consid-
erably weaker scaling with the device’s major radius, with
an exponent α_R reduced from quadratic to almost linear.
Using optimization and clustering techniques, a subset of the
DB has been identified as exhibiting very weak size scaling
(α_R = 0.377), hence maximally contributing to the reduced
size dependence seen in the overall data set. This subset is
localized in dimensionless space, governed by normalized
gyroradius, collisionality and pressure, as confirmed by ran-
dom forest classification. Interestingly, in this space, the oper-
ational point of future devices like ITER is situated in a region
of higher size dependence (α_R = 1.647).

3. Round table discussion

A round-table discussion was held on the last day of the meet-
ing, covering several topics that were treated or introduced
at the workshop. The aim was to summarize the discussions
that took place during the meeting and to stimulate interaction
about future directions that the field should explore, driven by
the most urgent needs as currently perceived in this domain.
The discussion was chaired by Mazon.

It was stressed that the FDPVA community is on the frontier
of fusion data interpretation, to help ensure that data are pro-
cessed correctly, fully validated, and adequately interpreted
and used. So far, the FDPVA technical meeting serves as an
excellent platform to exchange scientific information within
the FDPVA community. Nevertheless, propagation of know-
ledge, methods and best practices towards the whole fusion
community should still be enhanced.

The participation of private companies in the meeting was
strongly appreciated by many. It is a trend that is hoped to con-
tinue toward future meetings.

Furthermore, it was noted that the FDPVA community can
learn from data-centric communities in other scientific fields,
like astronomy, climatology, metrology, etc. This applies not
only to the methods, but also to practices like data sharing. It
was suggested to invite speakers from such communities at the
next meeting in 2025.

One of the important messages emerging from the discus-
sion was the need for benchmarking and standardization of
methods and tools. This was already stressed during the previ-
ous FDPVA meeting in 2021, notably for the case of anomaly
detection. However, the same is true for other methods and
tools, like equilibrium reconstruction, profile or tomographic
reconstruction, synthetic diagnostics, modeling codes, etc.

Strongly linked to the need for benchmarking is the avail-
ability of standard (multi-machine) DBs that are open to the
community, containing both synthetic and experimental data.
This is important for data sharing, reproducibility of exper-
iments and analyses, comparison and benchmarking across

devices, validation of theory or modeling efforts, scaling and
extrapolation to new devices, etc. Even though various ded-
icated DBs exist at the level of institutes or working groups,
the number of publicly available multi-machine DBs (e.g.
ITPA, EUROfusion) remains limited. Nevertheless, it is cus-
tomary that larger DBs start from relatively modest projects,
although it is recommended that, from the start, the DB is
designed according to good practices. The IMAS framework
and its data dictionary could be a starting point for this, since
it can provide an interface for different machines. IMAS can
also provide guidance for names, data structures (including
uncertainties), standards for data quality, etc. Another example
is the FAIR4FUSION project, which has the goal to make
fusion data frommultiple devices more widely available to the
fusion community, or to other communities, funding bodies
and the broader public. The next edition of the meeting should
devote a good deal of attention to issues of data sharing and
interoperability.

Also noted at the 2021meeting was the potential for applic-
ation of anomaly detection to a wide range of events in
the plasma and various machine systems and components.
Although one of the primary applications remains disruption
prediction, the presentation at the 2023 conference of a broader
variety of applications of event detection can certainly be seen
as a positive evolution. Similarly, the need for demonstration
of (real-time) applications that go beyond the proof-of-concept
stage is increasingly addressed.

A special issue, featuring selected papers from this tech-
nical meeting, has been published in Plasma Physics and
Controlled Fusion.

4. Conclusion

The 5th IAEA technical meeting on FDPVA (June 12–15,
2023, Ghent University, Ghent, Belgium), was very success-
ful. With the growth of massive measurement systems and
data for future fusion reactors, data analysis is moving towards
faster, more systematic and smarter directions. The recent
highlights and progress in the above topics have been briefly
summarized in this report.

The next meeting, i.e. the 6th IAEA technical meeting on
FDPVA, will take place in 2025.
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