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We present AutoNRA, a high-throughput framework for self-consistent ion beam analysis (IBA). Developed
to meet the growing demand for automated processing of large-scale datasets, AutoNRA enables parallel
analysis of spectra from thousands of sample points, each potentially containing multiple IBA measurements
such as Rutherford Backscattering Spectrometry (RBS) and Nuclear Reaction Analysis (NRA). By exploiting
multiprocessing, it fully utilizes available CPU cores and achieves speed-ups of up to two orders of magnitude
compared to conventional sequential SIMNRA workflows. This acceleration makes it particularly suited for
spatially resolved applications, including three-dimensional compositional tomography.

AutoNRA ensures model consistency by maintaining shared parameters across spectra from the same
sample point while performing independent, parallel evaluations across different points. The framework also
provides a model-agnostic machine learning interface, allowing seamless integration of surrogate models for
accelerated spectrum prediction and adaptive optimization. Its performance and scalability are demonstrated
on BZCY721(BaZr,,Ce,,Y,105_5) sample fabricated by cold sintering, where AutoNRA enabled quantitative

mapping of elemental distributions and detection of residual heavy water within the structure.

1. Introduction

Modern ion beam analysis (IBA) techniques such as Rutherford
Backscattering Spectrometry (RBS), Nuclear Reaction Analysis (NRA),
Particle-Induced Gamma-ray Emission (PIGE), and Particle-Induced X-
ray Emission (PIXE) constitute a family of powerful and complementary
methods for quantitative elemental and structural characterization of
materials. Owing to their sensitivity to elemental composition and
depth distribution, IBA methods have been employed for decades across
a wide range of disciplines, including semiconductor device engineer-
ing, energy materials research, thin-film technology, nuclear materials,
geosciences, and cultural heritage studies. Their unique ability to pro-
vide non-destructive, high-depth-resolution profiles of both light and
heavy elements makes IBA indispensable in both fundamental research
and applied materials development [1].

With continuing advances in accelerator technology and detec-
tor systems, IBA has evolved from isolated point measurements to
high-throughput, spatially resolved, and even tomographic applica-
tions [2]. In modern workflows, three-dimensional elemental imaging
is no longer obtained from a handful of characteristic spectra; instead,
it requires the acquisition and analysis of thousands of spectra across

extended sample regions. Each spatial pixel is associated with a full
spectrum that must be quantitatively interpreted by fitting an IBA
model, a procedure that is both computationally demanding and time
consuming. However, it must be noted that the practical feasibility
of such pixel-wise analysis depends on the availability of sufficient
counting statistics at each pixel within realistic acquisition times. This
requirement can be met either by selecting reaction channels with rela-
tively high cross sections or by employing instrumental configurations,
such as high-efficiency detectors, large solid angles, and increased beam
currents, that provide adequate count rates.

For non-depth-sensitive IBA techniques such as PIXE, such large-
scale, pixel-wise analysis is already established, since the extraction
of elemental composition from PIXE spectra can in many cases be
performed rapidly and with limited model complexity. By contrast,
depth-sensitive IBA techniques such as RBS and NRA pose a qualita-
tively harder challenge: here, each individual spectrum encodes not
only which elements are present, but also how they are distributed as a
function of depth. As a consequence, every spectrum requires the solu-
tion of an inverse problem that links the measured yield to an unknown
depth profile, under physical constraints such as stopping power, cross
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sections, and detector geometry. Large-area, high-resolution mapping
with depth-sensitive methods therefore demands the execution of a
very large number of high-dimensional fits, resulting in a substantial
computational burden.

To address the associated computational cost, clustering-based and
machine-learning-driven approaches have been explored to identify
representative spectra or to approximate the inversion process [3-5].
While these methods can significantly reduce analysis time, they gener-
ally rely on data reduction, surrogate models, or user-defined training
and classification criteria, which may lead to a loss of spatial detail
and can introduce systematic biases that are difficult to quantify within
a strict physical modeling framework. In contrast, recent advances
in experimental hardware, including high-throughput detector systems
and increased usable beam currents, together with substantial gains in
computing performance (multi-core CPUs and GPU acceleration) now
render fully pixel-wise, physically constrained analysis increasingly
practical, without requiring compromises in spatial resolution or model
fidelity.

Traditionally, IBA spectral analysis has relied on sequential fitting
workflows using simulation programs such as SIMNRA [6]. In such
approaches, experimental spectra are iteratively compared with sim-
ulated spectra, and model parameters are adjusted until the best-fit
elemental depth profiles (EDPs) are obtained. While robust and ex-
tensively validated, sequential SIMNRA analysis becomes increasingly
impractical as dataset sizes grow. For a relatively complex case, a
single SIMNRA simulation typically requires on the order of one second,
and the iterative fitting of a single spectrum can involve 10* or more
simulation calls. Consequently, the analysis of a single measurement
point may consume several hours of computation time. When extended
to spatially resolved or tomographic datasets comprising thousands of
measurement points, the computational burden rapidly escalates to
weeks or even months. This bottleneck is further amplified in self-
consistent analyses, where multiple spectra from the same point must
be fitted simultaneously under shared physical constraints.

Efforts to alleviate these limitations have led to the development of
more advanced analysis frameworks. MultiSIMNRA [7], for example,
extends SIMNRA towards self-consistent, automated fitting of mul-
tiple spectra by linking shared parameters and coordinating several
simulations within a common optimization loop. This significantly
reduces manual interaction for multi-spectral or multi-geometry prob-
lems. However, such tools are typically geared towards batches of
limited size and do not provide built-in support for genuinely large-
scale studies involving thousands of measurement points, nor do they
offer integrated tomographic visualization or interactive 3D explo-
ration of fitted EDPs. Large mapping or tomography datasets still
require substantial external scripting and post-processing to be handled
efficiently.

More broadly, most existing IBA analysis tools [6-8] provide only
partial support for automated, high-throughput workflows. With the
notable exception of NDF DataFurnace [9], which implements a power-
ful global optimization framework, widely used codes such as SIMNRA
were originally designed for manual, spectrum-by-spectrum analysis.
As a result, IBA practitioners face a persistent trade-off between ac-
curacy, throughput, and reproducibility. Manual fitting is not only
time-consuming but also susceptible to user bias and inconsistent treat-
ment of shared parameters across related spectra. These limitations
significantly constrain the scope of modern IBA studies and prevent
full exploitation of high-throughput experimental capabilities and to-
mographic measurement strategies.

To address these challenges, we present AutoNRA, a high-throu-
ghput batch analysis framework for self-consistent IBA. AutoNRA is de-
signed with modularity and scalability at its core to utilize all available
computational resources. The framework enforces parameter consis-
tency — that is, self-consistency — across spectra associated with the
same measurement point, while still permitting independent evaluation
of different points. Owing to its architecture, AutoNRA is not only well
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Fig. 1. Schematic representation of the AutoNRA framework, illustrating the
interaction between the input, initiator, and multiple parallel fitters running
SIMNRA simulations, followed by output generation and visualization.

suited for point-by-point evaluations but also enables applications such
as spatially resolved depth profiling and tomographic reconstruction.

Looking ahead, the emergence of scalable analysis frameworks
opens new opportunities for integrating machine learning into ion
beam analysis. With access to large, well-curated datasets of both
simulated and experimental spectra, data-driven models can be trained
to approximate or accelerate the inversion process from spectra to
elemental depth profiles. These approaches have the potential to en-
able near real-time elemental imaging, mitigating the limitations of
traditional iterative fitting methods and reshaping the role of IBA in
materials science and related disciplines.

In this context, AutoNRA has been developed with machine learn-
ing (ML) applications in mind, allowing users to generate training
data, train models, and perform inference within a single environment.
The current version of AutoNRA already supports ML-based surrogate
models that can entirely replace SIMNRA, offering significantly faster
and highly parallelized IBA simulations, albeit with a slight trade-
off in accuracy. Although still in its early stages, initial results from
this surrogate-model approach are very promising and demonstrate the
transformative potential of this approach.

2. Framework

AutoNRA is designed with modularity in mind, specifically to ac-
commodate the use of different simulator engines that calculate the
IBA spectrum given a set of elemental depth profiles and experimental
setup parameters. Currently, two options are available: SIMNRA and an
ML-based surrogate model. In this work, we focus on AutoNRA in the
context of SIMNRA as the simulator. The application of AutoNRA with
the ML-based surrogate model will be explored in a separate study.

The overall framework of AutoNRA is illustrated in Fig. 1. At its
core, AutoNRA converts a single configuration file into a fully parallel
and self-consistent analysis workflow capable of handling multiple
spectra and various IBA methods. The process begins with a YAML
(“YAML Ain’t Markup Language”)-based input file, a human-readable
data-serialization format widely used for configuration due to its clarity
and flexibility. This file defines the sample and layer structures, com-
putational parameters, fitting configurations, and general application
settings. During initialization, AutoNRA employs heuristic strategies
or, optionally, an inverse machine-learning module to generate initial
estimates of the elemental depth profiles. Although the ML component
is currently implemented as a placeholder, it has been designed to
support future integration of data-driven inversion techniques.

The fitting stage is managed by a parallelized engine, where each
sample is assigned an independent fitter. Candidate solutions are evalu-
ated in batches, and each batch is distributed across multiple simulator
instances through a multithreaded backend that performs the IBA spec-
trum calculations. These multithreaded computations are implemented
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Fig. 2. AutoNRA’s main graphical user interface (GUI).

as a dedicated Cython library, which interfaces with the graphical user
interface (GUI) module for visualization and export of analysis results.

AutoNRA stores and exports all analysis data — including the
application state, user settings, sample configurations, and fitting para-
meters — within a single YAML file bearing the .autonra exten-
sion. In addition to analysis results and general application configu-
rations, the file structure comprises three primary blocks: layer settings,
calculation settings, and fit settings.

The layer settings section defines the assumed sample configuration,
including the number of layers, constituent elements or isotopes, and
optional parameters such as porosity and roughness. Users may also
specify a smooth parameterization for depth-dependent concentrations;
in such cases, the layer is internally discretized into sublayers for
simulation. The following parameterizations are currently supported:

+ Constant:
ni(J’) =¢; @)
* Polynomial:
D
n(o) =Y a;y @
j=0
+ Erf-polynomial:
y=> 2
=41 fl— 1 v
n;(y) ( +aer < " )) +I;ajy’ 3)

Here, n,(y) is the unnormalized concentration of element i at depth x =
yd, where d is the layer thickness. Concentrations are then normalized,
n,(y) = m(»)/ X ni (), so that 3 m(y) = 1.

The calculation settings define the simulator configuration param-
eters, method-specific options for each IBA technique, and optimizer
controls. For every IBA method, AutoNRA requires a reference file that
specifies the experimental setup and simulator configurations. In the
case of the SIMNRA simulator, this reference file provides a compre-
hensive list of candidate elements together with their associated cross
sections. This list may be as extensive as necessary, since AutoNRA

automatically excludes elements that are not present in the sample.
Consequently, the same reference file can be reused across multiple
analyses, provided the experimental configuration remains unchanged.
During execution, AutoNRA overrides the layer and elemental defini-
tions from the reference file and applies the customized layer model
defined in the user configuration.

For simulations based on ML surrogate models, the reference file
specifies the model required by AutoNRA to perform the ML-driven
spectrum calculation. AutoNRA uses ONNX Runtime [10] to execute
models exported in the ONNX format, allowing those originally de-
veloped in frameworks such as PyTorch or TensorFlow to be used
in a backend-agnostic manner. Consequently, a model developed by
one user can be reused by others as a black-box component, without
requiring knowledge of its internal architecture.

In the case of the SIMNRA backend, AutoNRA communicates thro-
ugh the COM/OLE protocol. Low-level interprocess communication and
lifecycle management are handled by a dedicated C++ control layer
that safely schedules and synchronizes multiple simulator instances
in parallel. For the ML-based surrogate backend, a serialized ONNX
model is loaded into memory, and AutoNRA invokes ONNX Runtime
to perform inference. Because this backend is inherently parallelizable
— through batching and intra-/inter-op threading — no additional
parallelization layer is necessary. The simulator module, which unifies
both the SIMNRA and ONNX Runtime backends, exposes a consistent
interface to higher-level components such as the fitting engine and
workflow orchestrator, ensuring seamless integration regardless of the
selected simulator.

The graphical user interface (GUI) is implemented using PySide6
as the windowing framework, PyQtGraph for high-performance 2D
spectral visualization, and OpenGL for hardware-accelerated 3D ren-
dering. Users can interactively inspect experimental and simulated
spectra, and visualize elemental depth profiles as well as tomographic
reconstructions in real time (Fig. 2). Upon completion of an analysis,
AutoNRA produces a single .autonra bundle containing the full
configuration, fitted elemental depth profiles (EDPs), and per-spectrum
statistics. For compatibility, individual SIMNRA .xnra files can also
be exported for each point and method. With native Windows Explorer
integration, .autonra files can be opened directly via double-click.
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Fig. 3. Representative RBS (left) and NRA (right) spectra showing experimental data, SIMNRA simulations, and elemental contributions.

2.1. Optimization strategy

The optimization algorithm forms the core of AutoNRA, carrying out
the numerical optimization of model parameters. For each spectrum s
and each region of interest (ROI) R, the objective function is expressed
as a weighted sum of y? contributions. Multiple definitions of ;(i g are
available in AutoNRA:

+ Neyman y? :

< (M- m)
2 _ 1 1
'YS,R,Neyman - Z M. (4)
i=1 i
+ Pearson y? :
Ngr (M _ ”.)2
2 _ 1 1
Xs,R,Pearson - Z u; (5)
i=1 i
+ Poisson log likelihood ratio:
Nr
M.
)(sz,R’PLLRzzz(/"i_Mi+MilOg<”_’>> (6)
i=1 i
» Gaussian log likelihood ratio:
S (04 ) (M=)’
2 i i Hi i TH;
X = — +In| — |- , 7
s,R.GLLR ; U; (HI/ > #I(
u =M +1/4 (8
» Mean squared error (MSE) :
Ny )
)(s2,R,MSE = Z (1 — M;) 9

i=1

Here, M; and y; denote experimental and simulated counts at channel
i € R while Ny is the number of data points in the ROI R. The
Poisson log-likelihood ratio ;(i rprey 18 the most statistically sound as
this corresponds to the normalized likelihood assuming that fluctuation
in the sample are due to Poissonian statistics. When the measured
counts are high enough, the Poisson distribution can be approximated
by a Gaussian. In this case, the Gaussian log-likelihood ratio )(i RGLLR
can be used. In the large sample scenario, ;(i RGLLR reduce to Pear-
son ;(SZVR’ Pem(m[ll]. However, from fitting point of view, while the
Xy R Neyman €A1 leads to a biased fit [12], it is simpler in the func-
tional form (only quadratic in y), thus easier to fit. Thus in practice,
;{i R Neyman is almost always used and hence the default. Note that to
ensure numerical stability, any zero-valued denominators in Egs. (4)
and (5), as well as terms involving logarithms or denominators in Egs.
(6) and (7), are replaced by unity during evaluation.

Given the weight wy of the region of interest (ROI) R and the
spectrum weight w,, the total objective function is defined as

=Y w Y wrily.
s R

(10)

The weights w, and wy are user-settable parameters. The choice of
weighting scheme can influence both the asymptotic convergence be-
havior of the fitting procedure and the bias of the estimated parame-
ters [13]; therefore, careful consideration of these weights is required to
ensure stable and physically meaningful solutions. Fitting is performed
by minimizing the total y? with respect to the elemental depth profile
parameters, which are the parameters of the chosen layer parame-
terization, as well as additional nuisance parameters associated with
the experimental setup, such as energy calibration, detector resolution
(FWHM), and related instrumental factors.

In AutoNRA, for efficiency reasons, the fitting process is performed
by calling the y? function in batches. Instead of submitting individ-
ual simulation requests sequentially, AutoNRA groups multiple trial
parameter sets into a single batch. These batches are then dispatched
concurrently to multiple SIMNRA instances through a multithreaded
execution model. By utilizing all available CPU cores, hundreds to
thousands of simulations can be processed in parallel. Equally im-
portant, the optimization algorithm and its underlying library must
natively support such batch calls. For this reason, we employ the
Minion library [14], which inherently supports batch evaluations, en-
abling seamless integration between the optimization algorithm and the
parallel SIMNRA backend.

The Minion library is a collection of state-of-the-art algorithms
for bound-constrained or unconstrained single-objective optimization
problems. Its backend is implemented in C++, providing high com-
putational performance. It includes advanced Differential Evolution
(DE) variants, particle swarm optimization (PSO), covariance matrix
adaptation evolution strategy (CMAES), and standard algorithms such
as Nelder-Mead, L-BFGS-B, and generalized simulated annealing. Au-
toNRA users have access to all these algorithms and can even chain up
to four algorithms sequentially within a single optimization pipeline.
For example, one may start with a Differential Evolution algorithm
for global exploration, followed by L-BFGS-B or Nelder-Mead for local
refinement.

3. Application
3.1. Data sets

As a representative test case, AutoNRA was applied to the analysis
of Rutherford Backscattering Spectrometry (RBS) and Nuclear Reaction
Analysis (NRA) spectra obtained from a BZCY721 (BaZry,Ceq Y
0O;_;) specimen, a proton-conducting perovskite material widely used
in protonic ceramic fuel cells and electrolysis cells [15,16]. The sam-
ple was fabricated via cold sintering, an energy-efficient consolidation
process that densifies powders under high pressure in the presence
of a transient liquid sintering aid, enabling diffusion at relatively low
temperatures (typically below 300 °C) [17]. In the simplest case,
pure water can be used as the sintering aid, mimicking hydrothermal
processes observed in nature.

A key question, however, is whether residual sintering aids or other
impurity compounds remain in the material in its as-cold-sintered state,
and how these species are distributed throughout the microstructure.
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To address this in the case of cold-sintered BZCY721 with water as
the sintering aid, deuterium (D) was employed as a tracer for heavy
water (D,0), enabling quantitative mapping of its spatial distribution
and concentration using IBA measurements.

The BZCY721 sample was prepared as follows. The starting pow-
der was prepared in-house by mixing 50 g of precursor materials —
BaCO; (Sigma-Aldrich, >99%), ZrO, (Sigma-Aldrich), CeO, (Sigma-
Aldrich, >99%), and Y,0; (Sigma-Aldrich, >99.99%) — according
to the stoichiometric composition Ba, ,Zr, ,Ceq ;Yo 103. The powder
mixture was calcined at 1300 °C, resulting in three distinct phases:
a major Zr-rich BZY91 (BaZr¢Y,105_;) phase and minor phases of
BZC64 (BaZr,¢Ce( 403) and BZC28 (BaZrj,,Ceg03). Cold sintering
was carried out under vacuum using a FAST/SPS apparatus (Field
Assisted Sintering Technology/Spark Plasma Sintering; model HP-D5,
FCT Systeme, Germany). The tooling and die were made of Mo-based
TZM alloy (Plansee SE, Austria). A 2.5 g powder charge was hand-
packed into a 13 mm diameter die. Subsequently, 5 wt.% D,O was
added using a micropipette to wet the powder surface. The mixture was
pre-pressed for 60 s under a force of 6 kN to form a green compact. The
sintering process was conducted at 150 °C under 400 MPa pressure,
with a heating rate of 20 °C/min and a dwell time of 5 min.

The spectral data were acquired at the IBA facility of Forschungszen-
trum Jiilich (FZJ) using a 2950 keV 3He beam. Four detectors — PIGE,
PIXE, NRA, and RBS — are installed in the uNRA end-station [18],
allowing simultaneous collection of all modalities at each measurement
point. The sample was scanned point-by-point by directing the ion
beam onto a given location and then moving to the next. In total,
6944 points were measured across a 3 X 5mm? area. In the present
work, as a demonstration, only the RBS and NRA spectra are analyzed
self-consistently.

The sample is modeled as a two-layer system consisting of a thin
C,O-rich surface layer and a thicker subsurface layer containing C, O,
Y, Zr, Ba, Ce, and D. The subsurface region is discretized into ten
sublayers, and the elemental depth profiles (EDPs) are parameterized
using an error-function polynomial model (see Eq. (3)). In this repre-
sentation, each element is described by four parameters, A, a, b, and
c. Because of the strong overlap between the cross sections of Ba, Ce,
Zr, and Y, their EDP parameters are fixed according to the expected
stoichiometric ratios. In contrast, all parameters associated with O, C,
and D, as well as the calibration and ParticlesSr parameters (i.e., the
product of the number of incident particles and detector solid angle),
are left unconstrained.

For the definition of the region of interest (ROI), NRA spectra use
channels 200-1800 (ROI length: 1600), while RBS spectra use channels
200-1200 (ROI length: 1000). The ROI weight wy and the spectrum
weight w, are both set to unity. This choice is justified by the fact
that the total counts in the RBS and NRA spectra are of the same
order of magnitude; although the ROI lengths differ, this difference
is not physically significant and while still facilitate direct comparison
between the two techniques.

In total, 19 free parameters are optimized using the ARRDE [19]
algorithm, with up to 1900 SIMNRA evaluations per fit.

The dataset comprises 13,888 spectra. Under a total evaluation
budget of approximately 2.64 x 107 SIMNRA simulations, AutoNRA
achieves an average processing throughput of 125 spectra/s, resulting
in a total wall-clock fitting time of about 59 h on a Windows work-
station with 64 CPU cores and a total of software 120 threads. Using a
single-thread execution throughput of 2.8 spectra/s as a serial baseline,
this corresponds to a parallel speedup of 44.6x. The resulting paral-
lel efficiency is approximately 37% when considering 120 software
threads, or about 70% when normalized by the number of physical CPU
cores, indicating effective utilization of available hardware despite the
overhead associated with COM/OLE-based external simulator control.
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3.2. Optimization algorithm comparisons

As mentioned earlier, AutoNRA relies on the Minion library, which
provides state-of-the-art implementations of many modern optimization
algorithms. In this section, we compare the performance of several
optimizers commonly used in the literature and in our previous work.

To evaluate optimizer performance under a fixed, low-cost evalua-
tion budget, we benchmark eight algorithms on the BZCY721 dataset
using N = 31 spectra randomly selected from the full dataset. The
tested optimizers include three differential evolution (DE) variants—L -
SHADE [20], JADE [21], and ARRDE [19]—one CMA-ES variant
(BIPOP - CMAES [22]), one advanced PSO variant (DMS-PSO [23]),
Generalized Simulated Annealing (Gsa) [24]—also known as Dual
Annealing (DA)—and two classical local optimizers: L-BFGS-B [25]
and NEeLDER - MEaD (NM) [26].

The population size was initialized at 50 individuals for all DE and
PSO variants. Each fit was initialized from parameters sampled ran-
domly within broad bounds, except for calibration parameters, which
were initialized close to their nominal values. Note that for standard
DE algorithms such as L-SHADE and JADE, the recommended initial
population size is typically large (often > 10x the dimension). However,
in our case the maximum number of function evaluations is constrained
to Ny = 1900 for D = 19 free parameters. Using such large initial
populations would leave too few generations for meaningful evolution,
making these methods uncompetitive under our evaluation budget.
ARRDE, by contrast, is explicitly designed to remain effective under
low N, conditions and therefore does not suffer from this limitation.

We report summary statistics of the final objective function values
in Table 1, where lower values indicate better fits. Among the tested
algorithms, NELDER - MEAD achieves the lowest overall x2 values, both
in terms of mean and median performance. Its performance is closely
matched by ARRDE, which attains nearly identical objective values
and remains one of the most reliable population-based optimizers.
Considering its strong performance under a low evaluation budget and
its natural parallelizability as a population-based method, we therefore
recommend ARRDE as the default global optimizer in AutoNRA.

3.3. Results

After the analysis, the mean value of the overall objective function
across the scanned area is found to be 3281 + 165. When decomposed
by IBA technique, the average y> contribution from RBS spectra (ROI
length: 1000 channels, degrees of freedom: 981) is 1846 + 125, while
the corresponding contribution from NRA spectra (ROI length: 1600
channels, degrees of freedom: 1581) is 1434 + 114.

For an ideal model with Gaussian-distributed errors and known
variances, the expected value of the minimum y? equals the number of
degrees of freedom. In the present work, the per-ROI objective function
is defined using the Neyman 4?2 statistic [ Eq. (4)], with variances
estimated from the measured counts and regularized as max(M;, 1). As a
result, the absolute 2 values do not follow a strict y2 distribution and
should be interpreted as a relative measure of fit quality rather than a
probabilistic goodness-of-fit metric.

Within this framework, the higher »2 values observed for the RBS
spectra are attributed to residual systematic uncertainties, including
detector response, stopping powers, and cross sections, as well as the
sharper spectral features and higher count rates typical of RBS. This is
illustrated in Fig. 3 (left), where localized deviations between measured
and simulated spectra are visible in the channel range 1030-1100.

In contrast, the lower 2 values obtained for the NRA spectra
arise from the large fraction of low-count channels, for which the
max(M;, 1) regularization reduces the effective statistical weight of
individual channels. A representative NRA fit is shown in Fig. 3 (right).
The limited spatial variation of y? across the scanned area indicates
consistent fit quality and supports the robustness of the automated
analysis workflow.
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Table 1
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Objective function minima from 31 BZCY721 spectrum fits (N,,,, = 1900). Lower values indicate better fits; the best result per

row is highlighted in bold.

LSHADE JADE ARRDE GSA BIPOP-CMAES DMS-PSO L-BFGS-B NM
Mean 3461 3685 3428 3648 6379 3487 3645 3424
Median 3485 3641 3464 3591 5937 3501 3634 3439
Std 170 228 166 288 2467 158 255 169
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Fig. 4. Heatmaps of elemental concentrations extracted at a depth of 1.5 x 10> atomscm™2 (~ 2 pm). The x and y axes indicate the spatial coordinates in

millimeters.

Fig. 4 presents the elemental concentration maps of deuterium (D),
oxygen (O), yttrium (Y), barium (Ba), zirconium (Zr), and cerium (Ce),
extracted at an areal density of 1.5 x 102 atomsm~2, corresponding
to a depth of approximately 2 pm. Barium, zirconium, cerium, and
yttrium exhibit nearly identical spatial distributions and contrast levels,
reflecting the fixed stoichiometric ratios imposed on their EDP parame-
ters. In contrast, deuterium shows a distinctly different pattern, forming
a grid-like structure with locally elevated concentrations. The lateral-
averaged deuterium content ranges between 3.3% and 3.8% across the
analyzed depth, but its spatial distribution is highly inhomogeneous:
within the grid lines of the reconstructed deuteron profile (see Fig.
4(a)), the concentration drops below 0.1%, whereas in the centers of
the grid cells it reaches values up to 8%.

Because deuterium serves as a tracer for heavy water (D,0), its
spatial presence directly reflects residual water retained within the
material after cold sintering. During the cold-sintering process, water
acts as a transient medium that promotes particle rearrangement and
densification. Although most of this water is expected to evaporate
during the final heating stage — typically leaving less than 0.1-0.5%
residual content — the measured deuterium concentration of approxi-
mately 3% suggests that a significant fraction of heavy water remains
trapped within the microstructure.

Thermogravimetric (TG) and differential thermal analysis (DTA)
further support this observation, revealing a moisture loss of about
2.4% when the as-cold-sintered specimen, prepared using heavy water
as the sintering aid, was heated from room temperature to 250 °C. The
mass loss observed in TG/DTA closely corresponds to the residual D,O
content estimated from the IBA measurements. Nevertheless, part of
the deuterium signal observed in the elemental maps may also arise
from Ba(OD),, which can form as a by-product of the reaction between
BaCeO; and D,O0.

The non-negligible presence of residual water is a significant find-
ing, as it indicates incomplete removal of the transient sintering aid and
reveals a potential source of mechanical degradation. Trapped water
can generate localized vapor pressure during subsequent thermal pro-
cessing or operation, potentially leading to microcrack formation and
compromising the mechanical integrity of the BZCY721 layer. Conse-
quently, the deuterium map provides direct evidence of retained heavy
water and pinpoints specific regions where microstructural damage is
most likely to initiate.

4. Conclusion

We have presented AutoNRA, a high-throughput framework for self-
consistent ion beam analysis that integrates SIMNRA into a parallelized
and automated pipeline. By exploiting multiprocessing, AutoNRA accel-
erates spectrum fitting by up to two orders of magnitude compared to
conventional sequential workflows, enabling the analysis of thousands
of spectra within a single experiment. The framework maintains con-
sistent shared parameters across spectra from the same sample point
while allowing independent evaluation across different points.

The capability of AutoNRA was demonstrated on a BZCY721 sample
fabricated by cold sintering. The results revealed residual deuterium,
indicating incomplete evaporation of heavy water used during sinter-
ing. This residual water content is of practical importance, as it may
contribute to microcrack formation and reduced mechanical stability
in the electrolyte layer.

Looking ahead, the modular architecture of AutoNRA readily ac-
commodates the integration of additional IBA simulation engines be-
yond SIMNRA, such as future open-source or machine-learning-based
simulators. This extensibility ensures that the framework can evolve
in parallel with emerging computational models and experimental
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techniques, ultimately serving as a unified platform for automated,
high-throughput IBA analysis across diverse applications.
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