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 A B S T R A C T

Radioxenon detection plays a critical role in verifying compliance with the Comprehensive Nuclear-Test-Ban 
Treaty (CTBT), yet remains challenging due to radioxenon’s highly variable and ever present background 
and the sparse nature of the International Monitoring System (IMS) network. Radioxenon background signals 
are however arising from numerous, sometimes poorly characterized, civilian sources and are strongly 
influenced by long-range atmospheric transport, introducing significant uncertainty in background predictions. 
To address these issues, we develop a Bayesian inverse modeling framework for unknown source term 
estimation that integrates IMS measurements, atmospheric transport modeling, and multiple representations 
of radioxenon background. We test three background configurations: no background, summed background per 
sensor, and source-specific background contributions per sensor. Using data from the 1st Nuclear Explosion 
Signal Screening Open Inter-comparison Exercise 2021, combined with radioxenon background forecasts, we 
demonstrate the effectiveness of Bayesian modeling for estimating unknown source terms in simulated nuclear 
test scenarios. Notably, the use of source-specific background contributions per sensor leads to improved 
accuracy in the estimated releases.
1. Introduction

The International Monitoring System (IMS, CTBTO, 2017), estab-
lished by the Comprehensive Nuclear-Test-Ban Treaty Organization 
(CTBTO), is designed to provide global monitoring capabilities aimed 
at detecting nuclear explosions (CTBTO, 1996). This global system of 
monitoring stations is based on three waveform verification technolo-
gies — seismics, hydroacoustics and infrasound, and the complemen-
tary radionuclide technology. The latter one is the only technology that 
can confirm whether an explosion detected and located by the wave-
form technologies and is indicative of a nuclear test. The radionuclide 
network, supported by atmospheric transport modeling (ATM, CTBTO, 
2025), allows for the global monitoring of radioactive aerosols and 
radioactive noble gases (NG).

One of the important noble gases, monitored on a daily basis, is 
radioxenon (Bowyer, 2021; Eslinger et al., 2023). It can be produced 
either during a nuclear explosion with a high fission yield, and thus 
be considered as an important tracer to prove the nuclear character 
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of an explosion, or be emitted from nuclear power plants (NPPs), 
nuclear research reactors (NRRs) or from isotope production facilities 
(IPFs). The regular operational releases of radioxenon from nuclear 
installations contribute significantly to both the global and the regional 
background (Kalinowski and Tuma, 2009; Saey, 2009; Wotawa et al., 
2010; Achim et al., 2016; Gueibe et al., 2017; Kuśmierczyk-Michulec 
et al., 2022). Since the radioxenon background is ever present and 
highly variable, it is not trivial to identify a signal that might indicate 
a nuclear test.

The efforts to understand the radioxenon background have been 
initiated by the CTBTO around 20 years ago (Saey et al., 2006) and are 
ongoing. These exercises have provided an important framework for 
evaluating and improving atmospheric transport modeling, radioxenon 
source characterization, and background simulations through system-
atic comparison of model predictions with IMS observations. So far, 
four international model inter-comparison exercises were organized. 
The aim of the first three exercises, the so-called ATM Challenges, 
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conducted in 2015, 2016 and 2019, was to ascertain the level of agree-
ment that can be achieved between atmospheric transport models using 
stack monitoring data and xenon isotopic concentration measurements 
at IMS stations (Eslinger et al., 2016; Maurer et al., 2018, 2022). The 
fourth exercise was the so-called ‘‘1st Nuclear Explosion Signal Screen-
ing Open Inter-comparison Exercise 2021’’. For the purpose of the 
latter exercise, a synthetic, comprehensive test dataset was constructed 
(Maurer et al., 2023). The test dataset consists of real background 
measurements, as measured in 2014 at 23 IMS stations operating at that 
time, with hypothetical underground and underwater nuclear explosion 
signals added on top of them. The scenarios were placed in 2014 to re-
flect the fact that for this calendar year the emissions from some known 
civil sources are available, however, with different temporal resolution 
(Kalinowski and Tatlisu, 2020a,b; Kalinowski et al., 2021; Kalinowski, 
2023). This facilitates the estimation of the non-military radioxenon 
background. One goal of the 4th exercise was to identify methods which 
would allow to estimate more efficiently and with greater certainty 
where a nuclear event is located and what is its strength. The prelim-
inary results highlighted the importance of a software solution based 
on Machine Learning (e.g. Isolation Forest, Palmans et al., 2022) that 
could be used as a supporting tool for anomaly detection and screening, 
and a software solution based on a Bayesian approach (e.g. LSAPC or 
FREAR, Tichý et al., 2016; De Meutter and Hoffman, 2020) for source 
reconstruction (Maurer et al., 2023). The latter method seems to have 
a potential to indicate a more confined source area than the current 
standard Possible Source Region (PSR) method (Kusmierczyk-Michulec 
et al., 2023; Kuśmierczyk-Michulec et al., 2023; Eslinger et al., 2024) 
used nowadays mostly for Treaty verification, based on correlation 
coefficient of observed and predicted values (Ringbom et al., 2014).

The ability to attribute radioxenon detections to nuclear explosions 
strongly depends on accurate modeling of civil background contribu-
tions, which must be distinguished from signals originating from a 
hypothetical nuclear explosion. For relatively stable background fields, 
such as in the case of cesium-137, typical background signals can 
be derived, e.g., from prior measured concentration levels, and then 
used in emissions estimation methods (Kovalets et al., 2022). Related 
studies have demonstrated that statistical and Bayesian approaches 
can be used to characterize background variability and improve sig-
nal interpretation in monitoring networks (Frankemölle et al., 2025; 
Pecha et al., 2021). These approaches discuss how meteorological 
conditions and network characteristics influence background signals, 
which affect the reliability of inverse modeling and source term re-
construction. However, for more time-variable backgrounds, such as 
radioxenon (Bowyer, 2021), which is generated by numerous sources 
and detected by a sparse network following long-distance transport, 
such approaches cannot be directly applied. Consequently, several 
studies have focused on modeling radioxenon and its impact on data 
collected by the IMS (Fritz et al., 2021; Metz et al., 2022; Kijima 
et al., 2024). The key issue is the need to model individual indus-
trial sources, whose emissions may be uncertain and can travel long 
distances (Kuśmierczyk-Michulec and Baré, 2024) and are subject to 
significant uncertainties from atmospheric transport simulations (Gen-
eroso et al., 2023). In the methodology proposed in this paper, the 
modeled background is not subtracted from the measurements prior 
to inversion. Instead, it is incorporated directly into the Bayesian 
observation model and jointly estimated with the unknown explosion 
source term.

Therefore, we aim to develop a methodology that is sufficiently 
flexible to handle the large uncertainties associated with long-range 
atmospheric transport, as well as the uncertainties related to each 
individual industrial radioxenon source. A first attempt toward estimat-
ing a hypothetical explosion source term in the presence of nuisance 
(background) signals was made by Eslinger et al. (2019) on a conti-
nental scale. In this study, we combine measurement data from the 
IMS with atmospheric transport modeling and radioxenon background 
2 
predictions to develop an inverse methodology for unknown release es-
timation. A suitable approach for handling the uncertainties associated 
with radioxenon is Bayesian modeling (Tichý et al., 2016; De Meutter 
et al., 2021), where model parameters are treated as unknown variables 
estimated within the inversion. In this contribution, we develop and 
test Bayesian models for three versions of the radioxenon background: 
no background, a summed background per sensor, and a background 
for which the contribution from each source is calculated separately for 
each sensor. The results from the Bayesian solutions are compared with 
those obtained using a traditional method for addressing inversion with 
sparse parameters as is the case for nuclear explosion source recon-
struction, the least absolute shrinkage and selection operator (LASSO) 
regression model (Tibshirani, 1996).

2. Datasets and background modeling

The following subsections describe the nuclear test dataset (Maurer 
et al., 2023) based on hypothetical scenarios (Section 2.1) and two 
background datasets (Sections 2.2 and 2.3). These background datasets 
represent two alternative ATM-based approaches for modeling civil 
radioxenon emissions and are used in the inversion of explosion signals.

2.1. Nuclear test dataset

The nuclear test dataset used in this study was developed from a 
combination of hypothetical explosion release scenarios, radioxenon 
measurements, and Source–Receptor Sensitivities (SRSs) computed
with the FLEXPART model (https://www.flexpart.eu/).

The first component includes hypothetical radioxenon releases from 
pre-defined hypothetical underground and underwater nuclear explo-
sions distributed over a global, semi-regular grid (40◦ × 20◦grid at the 
equator and the Greenwich meridian). In total 53 hypothetical loca-
tions were selected (36 underwater and 17 underground explosions). 
To account for diurnal variations and seasonal changes, as well as 
high measurement data availability, it was assumed that two releases 
(separated by 12 h) per release location took place on 14th of January, 
on 7th of April, on 8th of July and on 22nd/23rd of September 2014, 
leading to 424 (53 grid points 𝑥 eight date-times) hypothetical releases 
per source term (Maurer et al., 2023). The hypothetical releases were 
generated using standard source terms corresponding to 1 kT nuclear 
explosions. Underground scenarios were based on the International 
Data Centre (IDC) source term for a 1 kT underground plutonium 
explosion assuming a 10% venting fraction after 24 h of containment 
(Sun et al., 2022; Liu et al., 2023). Underwater scenarios used the 1 kT 
source term of Burnett et al. (2019), assuming immediate venting with 
an effective venting fraction of 0.92%.

The second component includes measurements of Xe-133, Xe-133m, 
Xe-131m and Xe-135 at 23 IMS stations operating in 2014. It should be 
noted that for the purpose of this paper only a subset of data including 
measurements of Xe-133 was used.

The third component includes SRS fields that were used to estimate 
the nuclear explosion signals that should be added to radioxenon 
measurements at IMS stations. Atmospheric transport simulations were 
performed in backward mode using the Lagrangian particle disper-
sion model FLEXPART, version 10.4 (Pisso et al., 2019). For each 
hourly IMS sampling period, backward FLEXPART simulations were 
performed over a 14 days period to compute SRS fields. Backward fields 
and average activity concentrations were calculated over respective 
sampling periods. In simulations the global reanalyzed meteorological 
input data, ERA5 (Hersbach et al., 2020), provided by the European 
Center for Medium-Range Weather Forecasts (ECMWF) were used with 
the spatial resolution of 0.5◦and the temporal resolution of 1 h. The 
resulting SRS fields describe the sensitivity of each IMS measurement to 
a unit release at each candidate source location and release time. These 
SRS fields were assembled into the SRS matrix 𝐌 used throughout 
the inverse problem formulation in Section 3. Expected concentrations 
from hypothetical explosions were then obtained by multiplying the 
SRS matrix by the corresponding release vector.

https://www.flexpart.eu/


O. Tichý et al. Journal of Environmental Radioactivity 299 (2026) 108139 
Fig. 1. Map with the IMS measurement network (as of 2014) used in the study, where measurement sites are displayed using blue circles, hypothetical explosion 
release locations suggested in the exercise for source term estimation using red triangles, medical isotope production and nuclear research facilities using green 
squares, and nuclear power plants using magenta dots. Nuclear research reactors are not shown, as their contribution to the overall radioxenon background is 
comparatively small.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
2.2. Background dataset 1: Summed background

The ATM backward simulations, produced operationally for all IMS 
measurement locations operating in 2014 (see measurement locations 
in Fig.  1 using blue circles) were used to estimate the background 
contributions of all known civil radioxenon sources to each IMS sam-
ple. The SRS fields were calculated using the FLEXPART model, ver-
sion 9.02, and the operational global meteorological data provided 
by ECMWF with the spatial resolution of 1◦and a time resolution of 
3 h. The very same resolution was used for the output. For each IMS 
station and sampling period, the SRSs were first multiplied by the cor-
responding emissions of each known civil emitter at its corresponding 
location. The resulting contributions of the individual emitters were 
then summed to obtain the total modeled background concentration 
for the given IMS sample. For the purpose of this study nuclear power 
plants (NPPs), nuclear research reactors (NRRs) and isotope production 
facilities (IPFs) operational in 2014 were included (PRIS, 2025), most 
of them located in the Northern Hemisphere (see Fig.  1.)

2.3. Background dataset 2: Separate background

ATM forward simulations were used to estimate the background 
contributions from major IPFs and all NPPs operating in 2014 in the 
Northern Hemisphere (Kuśmierczyk-Michulec et al., 2022, see IPFs 
and NPPs in Fig.  1 using green squares and magenta dots). Simu-
lations were generated using FLEXPART version 9.03 with ECMWF 
operational global meteorological input fields at a spatial resolution 
of 0.5◦and a temporal resolution of 3 h. The model output had the 
same spatial resolution but an increased temporal resolution of 1 h. 
In total, 190 forward simulations per day, each 14-days long, were 
produced to track the individual emissions from each NPP and IPF. 
The 190 simulations correspond to the individual background emitters 
included in the inventory, each being simulated separately. The emis-
sion inventories used for the forward simulations are those provided 
in the background dataset of Kuśmierczyk-Michulec et al. (2022). The 
simulated samples of radioxenon background at the IMS stations were 
3 
generated by first calculating the contributions from each individual 
emitter (IPFs and NPPs) separately at each station over the respective 
sampling period. These contributions were then combined to represent 
the total background, with emissions from nuclear power plants treated 
as an aggregated source category. This summation approach mimics the 
sample collection over collection times at IMS stations.

3. Inverse modeling with background signal

The goal of the model is to estimate an explosion signal from Xe-
133 measurements, where a significant background signal is expected. 
We assume that the modeled background contributions described in 
Sections 2.2 and 2.3 are available for each measurement location and 
time step. Since these modeled background contributions are subject 
to modeling uncertainties, we aim for modeling this error, allowing 
the background to increase or decrease, based on the selected inversion 
model. We consider three cases of background signal knowledge:

No background (noBG): No background information is available to 
the model.

Summed background (sumBG): Only summed background signals 
for each measurement location and at each time-step are avail-
able, see Section 2.2 for details.

Separate background (sepBG): Individual information on
background signals from each considered source for each mea-
surement location and at each time-step is available, see Sec-
tion 2.3 for details.

All these three considerations are incorporated into the inverse model 
whose unknown variables are estimated from data. We also formulate 
two inverse models for these considerations, one based on the com-
mon LASSO formulation (Tibshirani, 1996) and the second based on 
variational Bayes approximation (Šmídl and Quinn, 2006).
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We assume the linear relationship between a source and each re-
ceptor (Seibert and Frank, 2004), forming the SRS matrix 𝐌 of the size 
𝑝×𝑛, where 𝑝 is the number of measurements and 𝑛 is the number of the 
release time-steps discretization. In this concept, each measurement 𝑦𝑖
can be explained as a sum of the emissions elements multiplied by SRS 
coefficients for each time-step, which can be written by the relationship 

𝐲 = 𝐌𝐱 + 𝐞, (1)

where the emissions vector 𝐱 is the unknown source term vector of 
releases and 𝐞 is the error term stands for model and measurement 
errors. Although the model looks trivial, the opposite is true. Each 
element of the equation is subject to uncertainty (Winiarek et al., 2012; 
Liu et al., 2017; De Meutter and Delcloo, 2022) which makes the 
inverse problem ill-posed. A common way is to introduce some form 
of regularization to restrict the solution in spatial or temporal domain 
(Brožová et al., 2025) to favor, e.g., sparse solution. A typical example 
favoring a sparse solution is the LASSO operator (Tibshirani, 1996) 
where a scalar tuning parameter needs to be selected, however, the 
model is too simple to cover the variability of the data, which will be 
discussed in the following sections.

3.1. Inversion models with LASSO term

The inverse problem in Eq. (1) can be solved by an ordinary least-
square solution. However, since the problem is ill-posed, this leads to 
non-stable solutions. Therefore, some form of regularization of the in-
verse problem is needed. Here, the sparsity assumption fits the studied 
situation best where an instantaneous release occurs. The natural way 
to impose sparsity on the solution is the use of the LASSO regularization 
term (Tibshirani, 1996), so the solution can be obtained by solving the 
following minimization problem: 
𝐱 = argmin

(

‖𝐲 −𝐌𝐱‖22 + 𝜆‖𝐱‖1
)

, s.t. 𝐱 ≧ 𝟎, (2)

where the symbol ̂.  denotes the estimate of the variable and ‖.‖1 or ‖.‖2
denotes norm of a vector. The parameter 𝜆 > 0 serves as regularization 
of the ill-posed inversion. Eq. (2) yields the no background solution. We 
use the convex optimization (CVX) toolbox in Matlab to formulate and 
solve the LASSO inversion with positive constraint (Grant and Boyd, 
2008).

We can expand the model when additional information is available. 
In the second step, we assume that the background signal is available 
for each measurement, i.e. each measurement 𝑦𝑖 has its related value 
𝑦𝑏,𝑖, stored in the vector 𝐲𝑏 for all measurements, which equals the
summed background from all contributing sources. The model in Eq. (1) 
can be modified in this case as 
𝐲 = 𝐌𝐱 + 𝐲𝑏𝑠 + 𝐞, (3)

where the weight of the background vector, 𝑠, is bounded between 
[ 15 ; 5]. The value 5 is selected wide enough to cover the background 
variability, see discussion in Section 4. We, again, formulate the inverse 
problem with the LASSO term by substitutions 𝐌̃ =

[

𝐌 𝐲𝑏
] and 𝐱̃ =

[𝐱 𝑠]. The solution is obtained similarly to Eq. (2) as 

𝐱 = argmin
(

‖𝐲 − 𝐌̃𝐱̃‖22 + 𝜆‖𝐈′𝑛+1𝐱̃‖1
)

, s.t. 𝐱 ≧ 𝟎, 𝑠 ∈ [1
5
; 5], (4)

where the matrix 𝐈′𝑛+1 is the identity matrix with truncation of the last 
element to zero in order not to regularize the background: 

𝐈′𝑛+1 =

⎛

⎜

⎜

⎜

⎜

⎝

1 … 0 0
⋮ ⋱ ⋮ ⋮
0 … 1 0
0 … 0 0

⎞

⎟

⎟

⎟

⎟

⎠

. (5)

A similar approach is used for separate background, where the back-
ground signal from each source is available for each measurement, 
𝐘 =

[

𝐲 , 𝐲 ,… , 𝐲
]

, considering 13 background sources: 12 isotope 
𝑏 𝑠1 𝑠2 𝑠13

4 
production facilities (IPFs) and one aggregated nuclear power plant 
(NPP) source. These 13 background components are obtained from 
the forward simulations described in Section 2.3 by retaining the IPFs 
individually and aggregating the contributions from all NPPs into a 
single source category. The observation model is then modified as 
𝐲 = 𝐌𝐱 + 𝐘𝑏𝐬 + 𝐞. (6)

The substitution for this case can be done as 𝐌̃ =
[

𝐌 𝐘𝑏
] and ̃𝐱 = [𝐱 𝐬], 

with the solution 
𝐱 = argmin

(

‖𝐲 − 𝐌̃𝐱̃‖22 + 𝜆‖𝐈′𝑛+13𝐱̃‖1
)

, s.t. 𝐱 ≧ 𝟎, 𝐬 ∈ [1
5
; 5], (7)

where 𝐈′𝑛+13 is identity matrix with the 13 last diagonal elements trun-
cated to zeros. Here, each element of the weight vector 𝐬 is truncated 
on interval [ 15 ; 5].

3.2. Inversion models using variational Bayes inference

Here we formulate Bayesian counterparts to the models introduced 
in the previous section. The advantage of the Bayesian approach is 
its ability to handle uncertainties in the data using a probabilistic 
model whose parameters and, notably, also hyper-parameters can be 
estimated from the data without extensive tuning. The results of the 
Bayesian approach are full posterior distributions of all model parame-
ters, allowing to quantify the reliability of estimates. In the following, 
we use the variational Bayes (VB) method (Šmídl and Quinn, 2006) 
as an inference methodology due to its variability and reasonable 
computational efficiency.

The inverse model in Eq. (1) can be formulated using a likelihood 
model as 
𝑝 (𝐲|𝐱, 𝜔) = 

(

𝐌𝐱, 𝜔−1𝐈𝑝
)

, (8)

where  () denotes Gaussian distribution with given mean vector as 
the first argument and covariance matrix as the second argument, 
𝐈𝑝 is the identity matrix of the given size, and 𝜔 is model variable 
for the precision of noise, which is estimated together with all other 
parameters. The likelihood model is complemented by a release model 
which favors the sparse solution. With the no background assumption, 
it reads: 
𝑝 (𝐱|𝐯) = 

(

𝟎,diag (𝐯)−1
)

. (9)

Here, diag (𝐯) denotes diagonal matrix with argument vector on its 
diagonal and zeros otherwise, thus, we assume the covariance structure 
with unknown diagonal elements 𝑣𝑗 (Tipping, 2001), which need to be 
estimated. This assumption allows for a sparse solution, i.e. a solution 
where possibly many elements are close to the zero value (prior mean), 
which reflects the release caused by an explosion. Elements of the 
vector 𝐯 are subject to the Gamma prior model, 𝑝(𝑣𝑗 ) = (𝛼0, 𝛽0), 
in the scheme called automatic relevance determination (Bishop and 
Tipping, 2000; Tipping, 2001). The gamma distribution is used for the 
variance because it naturally controls how much each variable can 
vary, allowing the model to automatically reduce the influence of less 
important variables while still enabling analytical tractability.

When precalculated summed background is available, stored in the 
vector 𝐲𝑏 of the same size as 𝐲, we use the same substitution as in the 
previous section, 𝐌̃ =

[

𝐌 𝐲𝑏
]

. With this substitution, the vector to be 
estimated becomes ̃𝐱 = [𝐱 𝑠]. Here, the vector 𝐱 is the release and scalar 
variable 𝑠 is the weight of the summed background 𝐲𝑏. An analogous 
model to Eq. (9) is used for non-military releases while the variable 𝑠
is assumed to be bounded. These boundaries are imposed by the prior 
model with a truncated Gaussian distribution, 𝑡 , as 

𝑝
(

𝑠|𝑣𝑠
)

= t
(

0, 𝑣−1𝑠 , [ 1
5
, 5]

)

, (10)

where the precision parameter 𝑣𝑠 is modeled and estimated in the same 
way as the parameter 𝜔 and the boundary parameter is set to a factor of 
5, allowing a weighting of the background by a factor of five, the same 
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as for the LASSO method. A zero mean is used because it assumes no 
prior bias regarding the variable magnitude, allowing the data itself to 
determine any nonzero estimates during model fitting.

For the separate background scenario, we propose a modification of 
the likelihood model in Eq. (8). Here, the background from each source 
is stored in columns of the matrix 𝐘𝑏 as defined above, augmenting the 
SRS matrix as 𝐌̃ =

[

𝐌 𝐘𝑏
]

, which implies a vector with a combination 
of the release and background-source weights to be 𝐱̃ = [𝐱 𝐬], where 
the length of the vector 𝐬 is equal to the number of background 
sources. To regularize the inverse problem and distinguish between 
measurements caused just by the background and those affected by the 
release, we introduce the indicator variable 𝑤𝑖 for 𝑖th measurement 
as the indicator whether the measurement is affected (𝑤𝑖 = 1) or 
unaffected (𝑤𝑖 = 0) by the release signal 𝐌𝐱. This distinction is impor-
tant both conceptually and computationally: many measurements may 
contain only background contributions, and treating them as if they 
all carried information on the release would dilute the signal and bias 
the inversion. The variable 𝑤𝑖 therefore provides a soft mechanism for 
selecting informative observations and down-weighting those explained 
by background alone. The data model is then an alteration between two 
modes (Šmídl and Tichý, 2012): 

𝑦𝑖 =

{


((

𝐘𝑏𝐬
)

𝑖 , 𝜔
−1) for 𝑤𝑖 = 0,


((

𝐌𝐱 + 𝐘𝑏𝐬
)

𝑖 , 𝜔
−1) for 𝑤𝑖 = 1,

(11)

forming the vector 𝐰 which needs to be estimated together with other 
model parameters, namely the emissions vector 𝐱, the background 
correction vector 𝐬, and the noise precision 𝜔. The automatic relevance 
determination (Bishop and Tipping, 2000; Tipping, 2001) principle is 
used to model and estimate the weighting parameter vector 𝐬

𝑝
(

𝐬|𝐯𝐬
)

= t
(

𝟎, 𝐯−1𝐬 , [ 1
5
, 5]

)

, (12)

where the interval restricting the weights of background, [ 15 , 5], is 
preselected in the same way as in the case of the LASSO method.

Following Šmídl and Tichý (2012), we model each indicator vari-
able 𝑤𝑖 using an truncated exponential distribution on the support 
interval [0; 1] so the model alters between the two modes. This choice 
encourages 𝑤𝑖 values close to either 0 or 1, thus promoting clear 
switching between the two modes while still allowing a probabilistic, 
soft assignment when the evidence is ambiguous. The values of 𝑤𝑖 are 
inferred from the data jointly with the remaining unknown parameters; 
they are not prescribed a priori. The formal definition and solution of 
the whole Bayesian model is given in Appendix.

4. Results

The exercise proposal suggests eight release estimation cases, listed 
in Table  1 (see simulated release locations in Fig.  1 indicated as red 
triangles). They are distributed globally and exhibit different impacts 
on IMS stations in terms of the magnitude of isotopic signals.

In the test dataset, the IMS impact is defined as the ratio between 
the Xe-133 activity originating from the hypothetical explosion and the 
total Xe-133 activity concentration measured at an IMS station. For 
each station time series, this ratio is averaged over the 14-day period 
following the release, and the corresponding test case is assigned to one 
of the 20% impact intervals reported in Table  1.

In the test dataset impacts are defined as quotients of the Xe-133 
(which has high fission yield together with comparatively long half-
life and is thus the isotope with the highest detection probability) 
contribution from a hypothetical explosion and the overall signal. For 
each IMS time series the average ratio, i.e. the average impact of an 
explosion, is determined and time series are sorted into impact bins of 
20%.

For each test case, studied background assumptions and methods 
were tested and compared regarding timing of the release and release 
location.
5 
4.1. Results for test cases in terms of releases and timing

One goal of this study is to estimate the timing of the simulated 
releases using different assumptions on the background signal: no back-
ground, summed background, and separate background; and using variants 
of two inverse methods, LASSO and VB.

Fig.  2 summarizes the differences between the simulated and es-
timated release peaks (in days). The corresponding numerical values 
for all eight cases are provided in Table  1. The table reports the 
absolute difference between the true release time and the estimate 
obtained by each method at daily resolution, where lower values 
indicate higher accuracy. Case 5, which has the highest station impact, 
shows on average the smallest timing errors. In contrast, two of the 
three Southern Hemisphere cases (cases 1 and 7) exhibit the largest 
discrepancies, likely reflecting limited data availability, as only 8 of 
the 23 IMS stations operational in 2014 were located south of the 
equator. In addition, the limited number and geographic distribution of 
radioxenon sources in the Southern Hemisphere further constrain the 
inversion. For example, in case 7, the signal is primarily influenced by 
only a few emitters, and the absence of nearby nuclear power plants, 
combined with the relatively short transport window considered (14 
days), reduces the contribution from Northern Hemisphere sources. As 
a result, differences between background representations (sumBG and 
sepBG) are less visible in such cases.

In many cases, the use of separate background information (sepBG) 
leads to smaller deviations between the true and estimated release 
times compared with simpler background assumptions (noBG and 
sumBG). However, this improvement is not uniform across all cases 
and is most pronounced in cases 1 and 2. In these cases, the sepBG 
configuration noticeably reduces the estimation error, highlighting the 
importance of representing background concentrations with sufficient 
detail when multiple sources contribute significantly. For example, in 
case 1, which corresponds to a release in the Southern Hemisphere 
(Antarctica, see Fig.  1) with limited IMS station coverage, the sepBG ap-
proach improves the timing estimate for both LASSO and VB, whereas 
simpler background representations lead to much larger errors.

In addition to the influence of background modeling, differences 
between the inverse methods are also apparent. For the noBG config-
uration, VB yields lower timing errors in 5 out of 8 cases, although 
overall differences between the methods remain small. This indicates 
that both approaches perform comparably in the absence of background 
information, with no clear systematic advantage. When background 
information is included, either as sumBG or in the more detailed 
sepBG configuration, VB shows a slight tendency toward improved 
performance; however, this advantage is not consistent across all cases 
and remains modest. Overall, the results suggest that the choice of 
background representation has a stronger impact on performance than 
the choice of inverse method.

Overall, the results indicate that a more detailed treatment of 
background concentrations can improve release-time estimation, par-
ticularly in challenging scenarios with low signal-to-background ratios. 
While both VB and LASSO yield broadly comparable performance, 
VB shows a slight tendency toward improved accuracy when back-
ground information is included. However, this gain comes at the cost 
of increased computational and methodological complexity. In con-
trast, LASSO provides a simpler and more computationally efficient 
alternative, and when combined with detailed background information 
(sepBG), already achieves robust performance.

4.2. Example results and discussions

Among the tested configurations, the combination of separate back-
ground representation with the Variational Bayes method (sepBG with 
VB) generally provides the most favorable results. An example of such 
a promising release estimate is shown for case 4 (release from the 
middle of Pacific ocean) where all tested combinations provide good 
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Table 1
The eight studied cases with given release date-time, location, and IMS impact, defined as the average ratio of the Xe-133 activity 
originating from the hypothetical explosion to the total Xe-133 activity concentration over the 14-day period following the release. 
The differences between actual radioxenon releases and estimated release peaks in days are displayed for each background type 
(noBG, sumBG, sepBG) and method (LASSO, VB).
 Case Date_time Lat_lon IMS impact noBG sumBG sepBG

 LASSO VB LASSO VB LASSO VB 
 1 20140114_000000 S80.0_E180.0 0%–20% 12 12 12 12 2 5  
 2 20140114_000000 N20.0_W45.0 20%–40% for PAX50 5 7 7 3 5 2  
 3 20140114_120000 S40.0_E51.429 20%–40% for NZX46 3 4 4 3 3 3  
 4 20140114_120000 N0.0_W120.0 0%–20% 4 3 3 4 4 1  
 5 20140708_060000 N40.0_E102.857 60%–80% for JPX38 2 0 3 0 3 0  
 6 20140708_060000 N0.0_E0.0 0%–20% 5 1 1 1 1 5  
 7 20140708_180000 S20.0_E135.0 20%–40% for AUX09 12 11 11 12 11 11 
 8 20140708_180000 N60.0_W72.0 20%–40% for USX74 2 0 1 0 1 2  
Fig. 2. Differences in days between simulated and estimated release peaks for all 8 test cases under three background scenarios: no background (noBG), summed 
background (sumBG), and separate background (sepBG). Results are shown for the LASSO (green) and VB (red) methods. Colored lines indicate the median values 
across the eight scenarios, while gray lines show the results for the individual scenarios.  (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.)
Fig. 3. Example of inversion results for the sepBG scenario using the VB method for test case 4. The left panel shows the estimated release profile (blue line) with 
the true simulated release time and magnitude marked by a black vertical line. The middle panel presents the estimated background source weights (𝐬) as blue 
circles, with the baseline weights (equal to one) indicated by a dashed black line. The right panel displays the difference between background measurements and 
their reconstructions: green squares represent the precalculated background (sepBG), and blue crosses represent reconstructions yielding an optimized background 
obtained through VB inversion with sepBG.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this 
article.)
estimates. The example of inversion results from the sepBG with VB 
method is demonstrated in more detail in Fig.  3. The joint optimization 
of background and source terms leads to a noticeable improvement 
in the reconstruction. Background fields derived simply from main 
background sources based on inventories and ATM may not align 
6 
well with actual observations during a specific event. The release-
time distribution also shows several smaller peaks at the beginning 
of the time window, corresponding to alternative low-probability solu-
tion modes. These early peaks reflect limited observational sensitivity 
and residual ambiguities in periods with weak signal-to-background 
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Fig. 4. Same as in Fig.  3 for the case 7.
contrast, while the dominant peak around the true release time in-
dicates that the inversion correctly identifies the most likely release 
period. The inversion, particularly when fed by background simulations 
from separate sources, improves the agreement between predicted and 
observed concentrations. The incorporation of separate background 
sources allows the inversion methods to adjust and compensate for 
discrepancies, improving both, the estimated source parameters and the 
background field itself, respectively.

In contrast, case 7, in Fig.  4, represents a more challenging scenario 
involving long-range transport in the southern hemisphere (Australia) 
and few involved IMS stations (see Fig.  1). All methods, including 
sepBG with VB, provide large estimation errors for this case, suggesting 
limitations in resolving sources for long transport distances and limited 
availability of observation data. This effect is further amplified by 
the limited number of contributing background sources in the South-
ern Hemisphere, which reduces the sensitivity to differences between 
background representations. Note also from Fig.  4, right panel, that a 
number of observations are effectively reconstructed as zeros, which is 
same for all tested methods for this demanding case.

Note also the estimated source weights, in the middle panels in 
Figs.  3 and 4. Although the inversion method was allowed to explore 
a wide range of possible background weights, i.e. the interval [ 15 ; 5], 
the posterior estimates typically remain well within this interval, with 
values rarely exceed the value 3 (this is valid also for cases that are 
not displayed here in detail). This behavior indicates that the inferred 
weights remain within a reasonable range and do not show systematic 
inflation or deflation to compensate for model–data mismatches.

Taken together, the results indicate a tendency for the sepBG with 
VB combination to provide improved release-time estimates and better 
agreement with observations, although the magnitude of the improve-
ment varies across cases.

It should also be noted that the evaluation is based on the 2014 
benchmark dataset, which reflects the distribution of civil radioxenon 
sources operating at that time. Since then, the global source inventory 
has evolved due to changes in the operation of isotope production 
facilities and nuclear power plants. Although these changes may al-
ter the quantitative characteristics of today’s background signals, we 
expect the qualitative conclusions regarding the benefits of detailed 
background representation to remain generally applicable.

4.3. Release location estimation

Various techniques have been used for location estimation from 
inverse modeling, including correlation coefficient calculation, which 
identifies the location maximizing the correlation between observed 
and simulated concentrations (Kovalets et al., 2025), maximum-a-
posteriori estimation that directly optimizes the posterior over can-
didate source coordinates (Xu et al., 2025), or approaches based on 
maximizing the variational lower bound to jointly infer emissions and 
location in a Bayesian framework (Tichý et al., 2021). Here, due to 
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network sparsity and long transport distances, we use a simple grid-
search method based on the reconstruction residual. For each candidate 
release location, we compute the Euclidean norm of the difference 
between the observations and the corresponding model reconstruction 
based on Eq. (1), and select the location yielding the minimum residual. 
In this study, we exploit the spatial region of the size 10 × 10 degrees 
with the true release location in the middle for each case, with a res-
olution of 0.5 degrees as provided by atmospheric transport modeling. 
In a real life situation the waveform event in question would be used 
as starting point.

The results of release location estimation are summarized in Fig.  5 
for all cases and methods. The estimated locations exhibit substantial 
variability, with errors of several degrees, indicating that under the 
given network coverage and transport conditions the inverse system 
provides only coarse spatial localization. A tendency toward smaller 
median errors can be observed when separate background information 
(sepBG) is used. This tendency is present for both inverse methods, with 
the VB approach generally showing slightly lower median errors than 
LASSO, although the differences remain small compared to the over-
all uncertainty. The relatively large location uncertainties are mainly 
related to the sparse IMS network and long atmospheric transport 
distances, which reduce spatial sensitivity and lead to broad regions of 
similarly plausible solutions; therefore, the estimated locations should 
be interpreted as indicative source regions rather than precise source 
coordinates.

Illustrative solutions for case 6 and all combinations of backgrounds 
and methods are presented in Fig.  6. For this case, the VB solutions and 
the LASSO solution with noBG indicate a release region located east of 
the true source. In contrast, LASSO with sumBG and sepBG favors a 
northern region, suggesting the presence of multiple competing low-
residual regions. A similar, lower-intensity secondary minimum in the 
north is also visible for LASSO with noBG, indicating that the location 
estimate is weakly constrained.

5. Conclusions

In this paper, we investigated the impact of three types of ra-
dioxenon background representation on the inverse estimation of un-
known release time profiles and release locations. The following back-
ground configurations were considered: (i) no background (noBG); (ii) 
summed background (sumBG), where the total contribution from all 
sources is provided for each sensor and time-step; and (iii) separate 
background (sepBG), where contributions from individual background 
sources are available separately. For each background configuration, 
two inversion approaches were applied: a sparse regression method 
based on LASSO and a probabilistic formulation solved using varia-
tional Bayes (VB). The methods were evaluated using eight hypothetical 
release scenarios from the 1st Nuclear Explosion Signal Screening Open 
Inter-comparison Exercise 2021 (Maurer et al., 2023).
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Fig. 5. Differences (in degrees) between the true release location and the estimated location for each method and background scenario: no background (noBG),
summed background (sumBG), and separate background (sepBG). The results of the Variational Bayes (VB) and LASSO methods are shown in the left and right 
panels, respectively. Colored lines indicate the median values across the eight scenarios, while gray lines show the results for the individual scenarios.  (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
Fig. 6. Estimated release locations for case 6 across all method and background combinations. Results from the VB method are shown in the top row (red 
crosses), and from the LASSO method (green crosses) in the bottom row. The true release location is marked with a black cross. Darker colors correspond to 
lower reconstruction residuals and indicate better agreement between the observations and the reconstructed measurements.  (For interpretation of the references 
to color in this figure legend, the reader is referred to the web version of this article.)
The results indicate a general tendency for more detailed back-
ground representation to improve inverse reconstruction performance. 
In particular, the sepBG configuration can provide smaller deviations 
between the estimated and true release time and location compared to 
simpler background assumptions, although this improvement is case-
dependent and most pronounced in selected scenarios. Differences 
between the inversion methods are generally small: while LASSO and 
VB perform comparably overall, the VB approach shows a slight ten-
dency toward improved performance when background information is 
included. Overall, the results suggest that the choice of background 
representation has a stronger impact on performance than the choice 
of inverse method. The magnitude of improvements remains moderate, 
due to the underlying uncertainties such as the sparse IMS network 
and long atmospheric transport distances. Compared with conventional 
8 
approaches that neglect the background contribution or subtract a fixed 
background estimate prior to inversion, the proposed framework explic-
itly accounts for uncertainties in the modeled background. While both 
LASSO and VB benefit from this formulation, the Bayesian VB approach 
additionally provides a probabilistic framework for the joint estimation 
of the release, background correction, and associated uncertainties.

These findings highlight the importance of background character-
ization for reliable source reconstruction in the context of nuclear 
explosion monitoring and Comprehensive Nuclear-Test-Ban Treaty ver-
ification. At the same time, the study confirms that sparse monitoring 
networks and long atmospheric transport lead to substantial uncertain-
ties, particularly for source location, which should be interpreted as an 
approximate region rather than a precise point estimate.
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Appendix. Rigorous formulation of the VB with sepBG model

Here, we formulate the complete probabilistic model for release 
estimation with separate background sources and with Variational 
Bayes inference.

The data likelihood model and prior models are selected as 
𝑝 (𝐲|𝐱, 𝐬,𝐰, 𝜔) = (𝐘𝑏𝐬, 𝜔−1𝐈)(1−𝐰) (𝐌𝐱 + 𝐘𝑏𝐬, 𝜔−1𝐈)(𝐰) (A.1)

𝑝 (𝜔) =
(

𝜗0, 𝜌0
)

(A.2)

𝑝 (𝐱|𝐯) =
(

𝟎,diag (𝐯)−1
)

(A.3)

𝑝 (𝐯) =
𝑛
∏

𝑗=1
(𝛼0, 𝛽0) (A.4)

𝑝
(

𝐬|𝐯𝑠
)

=t
(

𝟎, 𝐯−1𝑠 , [ 1
5
, 5]

)

(A.5)

𝑝
(

𝐯𝑠
)

=
13
∏

𝑗=1
(𝛼0, 𝛽0) (A.6)

𝑝 (𝐰) =Exp
(

𝜆0
)

(A.7)

where prior parameters 𝜗0, 𝜌0, 𝛼0, 𝛽0 are set to non-informative value 
such as 10−10, ensuring numerical stability. Then, forms of posteriors 
are replicated in the update step and are given as:
𝑝̃
(

𝐱|𝐲,𝐘𝑏
)

=𝑁
(

𝜇𝐱 , 𝛴𝐱
)

(A.8)

𝑝̃
(

𝐯|𝐲,𝐘𝑏
)

=𝐺 (𝜶, 𝜷) (A.9)

𝑝̃
(

𝐬|𝐲,𝐘𝑏
)

=t𝑁
(

𝜇𝐬, 𝛴𝐬, [
1
5
, 5]

)

(A.10)

𝑝̃
(

𝐯𝑠|𝐲,𝐘𝑏
)

=𝐺
(

𝜶𝑠, 𝜷𝑠
)

(A.11)

𝑝̃
(

𝐰|𝐲,𝐘𝑏
)

=Exp
(

𝜆𝐰, [0, 1]
)

(A.12)

𝑝̃
(

𝜔|𝐲,𝐘𝑏
)

=𝐺 (𝜗, 𝜌) . (A.13)

with posterior shaping parameters derived as

𝜮 =
(

𝜔̂𝑴⊤ diag(𝒘̂)𝑴 + ̂𝑳 diag(𝝊)𝑳⊤
)−1

(A.14)
𝑥
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𝝁𝑥 = 𝜮𝑥 𝜔̂
(

𝑴⊤ diag(𝒘̂)𝒚 −𝑴⊤ diag(𝒘̂)𝒀 𝑏 𝒔̂
)

(A.15)

𝜶 = 𝜶0 +
1
2
𝟏𝑛 (A.16)

𝜷 = 𝜷0 +
1
2
diag( ̂𝑳⊤𝒙𝒙⊤𝑳) (A.17)

𝜮𝑠 =
(

𝜔̂
(

𝒀 ⊤
𝑏 𝒀 𝑏

)

+ diag(𝝂𝑠)
)−1 (A.18)

𝝁𝑠 = 𝜮𝑠 𝜔̂ 𝒀 ⊤
𝑏
(

𝒚 − diag(𝒘̂)𝑴𝒙̂
)

(A.19)

𝜶𝜈𝑠 = 𝜶0 +
1
2
𝟏𝑛𝑠 (A.20)

𝜷𝜈𝑠 = 𝜷0 +
1
2
diag(𝒔𝒔⊤) (A.21)

𝝀 = 𝝀0 − diag
(

𝑴𝒙𝒙⊤𝑴⊤
)

+ 2 diag
(

𝑴𝒙̂𝒚⊤
)

− 2 diag
(

𝒀 𝑏𝒔̂𝒙̂
⊤𝑴⊤

)

(A.22)

𝝑 = 𝝑0 +
𝑝
2

(A.23)

𝜌 = 𝜌0 +
1
2

(

𝒚⊤𝒚 − 2𝒚⊤ diag(𝒘̂)𝑴𝒙̂ − 2𝒚⊤𝒀 𝑏𝒔̂

+ tr
(

𝒙𝒙⊤𝑴⊤ diag(𝒘̂)𝑴
)

+ tr
(

𝒔𝒔⊤𝒀 ⊤
𝑏 𝒀 𝑏

)

+ 2𝒔̂⊤𝒀 ⊤
𝑏 diag(𝒘̂)𝑴𝒙̂

)

,

(A.24)

where .̂ denotes the first of the second moment of the respective 
distribution, tr denotes a trace of argument, diag denotes a square 
matrix with argument vector on the diagonal and zeros otherwise or 
a vector composed of diagonal elements of the argument matrix. By 
iterative evaluation of this set of implicit equations, we reach the final 
estimate of the release vector ̂𝒙 and all other model parameters.

Data availability

The authors do not have permission to share data.

References

Achim, P., Generoso, S., Morin, M., Gross, P., Le Petit, G., Moulin, C., 2016. 
Characterization of Xe-133 global atmospheric background: Implications for the 
international monitoring system of the comprehensive nuclear-test-ban treaty. J. 
Geophys. Res.: Atmospheres 121, 4951–4966.

Bishop, C., Tipping, M., 2000. Variational relevance vector machines. In: Proceedings 
of the 16th Conference on Uncertainty in Artificial Intelligence. pp. 46–53.

Bowyer, T., 2021. A review of global radioxenon background research and issues. Pure 
Appl. Geophys. 178, 2665–2675.

Brožová, A., Šmídl, V., Tichý, O., Evangeliou, N., 2025. Spatial-temporal source term 
estimation using deep neural network prior and its application to chernobyl 
wildfires. J. Hazard. Mater. 137510.

Burnett, J., Eslinger, P., Milbrath, B., 2019. The detectability of the wigwam underwater 
nuclear explosion by the radionuclide stations of the international monitoring 
system. J. Environ. Radioact. 208, 106030.

CTBTO, 1996. Text of the comprehensive Nuclear-Test-Ban treaty. URL https://www.
ctbto.org/our-mission/the-treaty. (Online Accessed 19th November 2025).

CTBTO, 2017. Verification regime. URL https://www.ctbto.org/our-work/verification-
regime. (Online Accessed 19th November 2025).

CTBTO, 2025. Verification regime. URL https://www.ctbto.org/. (Online Accessed 19th 
November 2025).

De Meutter, P., Delcloo, A., 2022. Uncertainty quantification of atmospheric transport 
and dispersion modelling using ensembles for CTBT verification applications. J. 
Environ. Radioact. 250, 106918.

De Meutter, P., Hoffman, I., 2020. Bayesian source reconstruction of an anomalous 
Selenium-75 release at a nuclear research institute. J. Environ. Radioact. 218, 
106225. http://dx.doi.org/10.1016/j.jenvrad.2020.106225.

De Meutter, P., Hoffman, I., Ungar, K., 2021. On the model uncertainties in Bayesian 
source reconstruction using an ensemble of weather predictions, the emission 
inverse modelling system FREAR v1. 0, and the Lagrangian transport and dispersion 
model Flexpart v9.0.2. Geosci. Model. Dev. 14, 1237–1252.

Eslinger, P., Bowyer, T., Achim, P., Chai, T., Deconninck, B., Freeman, K., Generoso, S., 
Hayes, P., Heidmann, V., Hoffman, I., et al., 2016. International challenge to 
predict the impact of radioxenon releases from medical isotope production on a 
comprehensive nuclear test ban treaty sampling station. J. Environ. Radioact. 157, 
41–51.

http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb1
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb2
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb2
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb2
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb3
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb3
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb3
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb4
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb4
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb4
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb4
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb4
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb5
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb5
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb5
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb5
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb5
https://www.ctbto.org/our-mission/the-treaty
https://www.ctbto.org/our-mission/the-treaty
https://www.ctbto.org/our-mission/the-treaty
https://www.ctbto.org/our-work/verification-regime
https://www.ctbto.org/our-work/verification-regime
https://www.ctbto.org/our-work/verification-regime
https://www.ctbto.org/
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb9
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb9
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb9
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb9
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb9
http://dx.doi.org/10.1016/j.jenvrad.2020.106225
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb11
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb12


O. Tichý et al. Journal of Environmental Radioactivity 299 (2026) 108139 
Eslinger, P.W., Mendez, J.M., Schrom, B.T., 2019. Source term estimation in the 
presence of nuisance signals. J. Environ. Radioact. 203, 220–225. http://dx.doi.
org/10.1016/j.jenvrad.2019.03.022.

Eslinger, P., Miley, H., Johnson, C., Sarathi, R., Schrom, B., 2023. Impact of environ-
mental backgrounds on atmospheric monitoring of nuclear explosions. Pure Appl. 
Geophys. 180, 1489–1520.

Eslinger, P.W., Rosenthal, W.S., Sarathi, R.S., Schrom, B.T., McCann, E., 2024. Compar-
ison of source-location algorithms for atmospheric samplers. J. Environ. Radioact. 
273, 107384. http://dx.doi.org/10.1016/j.jenvrad.2024.107384.

Frankemölle, J.P.K.W., Camps, J., De Meutter, P., Meyers, J., 2025. A Bayesian 
method for predicting background radiation at environmental monitoring stations 
in local-scale networks. Geosci. Model. Dev. 18, 1989–2003.

Fritz, B., Alexander, T., Bowyer, T., Hayes, J., Mace, E., Woods, V., 2021. Comparison 
of near-background concentrations of Argon-37 and Xenon-133 in the atmosphere. 
J. Environ. Radioact. 233, 106590.

Generoso, S., Achim, P., Morin, M., Gross, P., 2023. Addressing the quantification of 
meteorological uncertainties in the atmospheric transport simulations of the 133Xe 
industrial background. J. Environ. Radioact. 270, 107263.

Grant, M., Boyd, S., 2008. Graph implementations for nonsmooth convex programs. In: 
Blondel, V., Boyd, S., Kimura, H. (Eds.), Recent Advances in Learning and Control. 
In: Lecture Notes in Control and Information Sciences, Springer-Verlag Limited, pp. 
95–110.

Gueibe, C., Kalinowski, M., Baré, J., Gheddou, A., Krysta, M., Kuśmierczyk-Michulec, J., 
2017. Setting the baseline for estimated background observations at IMS systems 
of four radioxenon isotopes in 2014. J. Environ. Radioact. 178, 297–314.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A., Muñoz-Sabater, J., 
Nicolas, J., Peubey, C., Radu, R., Schepers, D., et al., 2020. The ERA5 global 
reanalysis. Q. J. R. Meteorol. Soc. 146, 1999–2049.

Kalinowski, M.B., 2023. Global emission inventory of 131mXe, 133Xe, 133mXe, and 
135Xe from all kinds of nuclear facilities for the reference year 2014. J. Environ. 
Radioact. 261, 107121. http://dx.doi.org/10.1016/j.jenvrad.2023.107121.

Kalinowski, M.B., Tatlisu, H., 2020a. Global radioxenon emission inventory from 
nuclear power plants for the calendar year 2014. Pure Appl. Geophys. 178, 
2695–2708. http://dx.doi.org/10.1007/s00024-020-02579-w.

Kalinowski, M.B., Tatlisu, H., 2020b. Global radioxenon emission inventory from 
nuclear power plants for the calendar year 2014. Correction. Pure Appl. Geophys. 
178, 2709–2710. http://dx.doi.org/10.1007/s00024-021-02812-0.

Kalinowski, M.B., Tayyebi, P., Lechermann, M., Tatlisu, H., 2021. Global radioxenon 
emission inventory from nuclear research reactors. Pure Appl. Geophys. 178, 
2711–2739. http://dx.doi.org/10.1007/s00024-021-02719-w.

Kalinowski, M., Tuma, M., 2009. Global radioxenon emission inventory based on 
nuclear power reactor reports. J. Environ. Radioact. 100, 58–70.

Kijima, Y., Schoemaker, R., Tipka, A., Liu, B., Kunkle, J., Kuśmierczyk-Michulec, J., 
Kalinowski, M., Prior, M., Slinkard, M., 2024. Investigation of radioxenon proba-
bility density functions at IMS radionuclide stations using a Monte Carlo method 
for background estimation. Pure Appl. Geophys. 1–11.

Kovalets, I., Synkevych, R., Maistrenko, S., Khurtsilava, K., Dontsov-Zagreba, T., 2025. 
Pilot system for possible sources of radioactive air pollution analysis using inverse 
modeling. In: Mathematical Modeling and Simulation of Systems. Springer Nature 
Switzerland, pp. 3–16.

Kovalets, I., Talerko, M., Synkevych, R., Koval, S., 2022. Estimation of cs-137 emissions 
during wildfires and dust storm in chernobyl exclusion zone in april 2020 using 
ensemble iterative source inversion method. Atmos. Environ. 288, 119305.

Kuśmierczyk-Michulec, J., Baré, J., 2024. Global atmospheric monitoring of radionu-
clides and noble gases: insights into the interhemispheric transport of anthropogenic 
emissions. Atmos. Environ. 319, 120304.

Kuśmierczyk-Michulec, J., Baré, J., Kalinowski, M., Tipka, A., 2022. Characterisation 
of Xe-133 background at the IMS stations in the East Asian region: Insights based 
on known sources and atmospheric transport modelling. J. Environ. Radioact. 255, 
107033.

Kusmierczyk-Michulec, J., Schoemaker, R., Tipka, A., Kijima, Y., Liu, B., Kalinowski, B., 
2023. Source allocation based on atmospheric transport modelling of radionuclide 
plumes: challenges and new developments. In: Proceedings of the INMM & ESARDA 
Joint Annual Meeting May. pp. 22–26.

Kuśmierczyk-Michulec, J., Sommerer, W., Slinkard, M., 2023. Web-grape internet based 
service as an interactive tool that allows for post-processing and visualisation 
of atmospheric transport modelling simulations: current status and plans for the 
future. In: Proc. of the INMM & ESARDA Joint Annual Meeting May. pp. 22–26.

Liu, Y., Haussaire, J.M., Bocquet, M., Roustan, Y., Saunier, O., Mathieu, A., 2017. 
Uncertainty quantification of pollutant source retrieval: comparison of Bayesian 
methods with application to the Chernobyl and Fukushima Daiichi accidental 
releases of radionuclides. Q. J. R. Meteorol. Soc. 143, 2886–2901.

Liu, B., Kalinowski, M., Sun, Y., Carrigan, C., Saragiotis, C., Wang, J., Ertl, M., 
Kijima, Y., Schoemaker, R., Kuśmierczyk-Michulec, J., et al., 2023. Characterization 
of CTBT-relevant radioxenon detections at IMS stations using isotopic activity ratio 
analysis. Pure Appl. Geophys. 180, 1521–1540.

Maurer, C., Baré, J., Kuśmierczyk-Michulec, J., Crawford, A., Eslinger, P., Seibert, P., 
Orr, B., Philipp, A., Ross, O., Generoso, S., et al., 2018. International challenge 
to model the long-range transport of radioxenon released from medical isotope 
production to six Comprehensive Nuclear-Test-Ban Treaty monitoring stations. J. 
Environ. Radioact. 192, 667–686.
10 
Maurer, C., Galmarini, S., Solazzo, E., Kuśmierczyk-Michulec, J., Baré, J., Kali-
nowski, M., Schoeppner, M., Bourgouin, P., Crawford, A., Stein, A., et al., 2022. 
Third international challenge to model the medium-to long-range transport of 
radioxenon to four Comprehensive Nuclear-Test-Ban Treaty monitoring stations. 
J. Environ. Radioact. 255, 106968.

Maurer, C., Tipka, A., Liu, B., Arnold Arias, D., Brioude, J., Kuśmierczyk-Michulec, J., 
Kalinowski, M., Schoemaker, R., Kijima, Y., 2023. Final results of the 1st nuclear 
explosion signal screening open inter-comparison exercise 2021. In: Science and 
Technology 2023 Conference. Viena, Austria, https://conferences.ctbto.org/event/
23/contributions/4509/.

Metz, L., Bowyer, T., Burnett, J., Dion, M., Eslinger, P., Friese, J., Doll, C., McIntyre, J., 
Schrom, B., 2022. Source Term Analysis of Xenon (STAX): An effort focused on 
differentiating man-made isotope production from nuclear explosions via stack 
monitoring. J. Environ. Radioact. 255, 107037.

Palmans, N., Blockeel, H., Camps, J., Vercruyssen, V., Gueibe, C., Blaschko, M., 
De Vos, M., 2022. Anomaly detection in xenon time series data for nuclear 
explosion monitoring. URL https://publications.sckcen.be/portal/files/7373598/
ResearchOutput-47010939.pdf. (Online Accessed 25th October 2022).

Pecha, P., Tichý, O., Pechová, E., 2021. Determination of radiological background fields 
designated for inverse modelling during atypical low-wind speed meteorological 
episode. Atmos. Environ. 246, 118105. http://dx.doi.org/10.1016/j.atmosenv.2020.
118105.

Pisso, I., Sollum, E., Grythe, H., Kristiansen, N.I., Cassiani, M., Eckhardt, S., Arnold, D., 
Morton, D., Thompson, R.L., Groot Zwaaftink, C.D., Evangeliou, N., Sodemann, H., 
Haimberger, L., Henne, S., Brunner, D., Burkhart, J.F., Fouilloux, A., Brioude, J., 
Philipp, A., Seibert, P., Stohl, A., 2019. The Lagrangian particle dispersion model 
FLEXPART version 10.4. Geosci. Model. Dev. 12, 4955–4997.

PRIS, 2025. The power reactor information system. URL https://pris.iaea.org/pris/. 
(Online Accessed 19th November 2025).

Ringbom, A., Axelsson, A., Aldener, M., Auer, M., Bowyer, T., Fritioff, T., Hoffman, I., 
Khrustalev, K., Nikkinen, M., Popov, V., et al., 2014. Radioxenon detections in the 
ctbt international monitoring system likely related to the announced nuclear test 
in north korea on february 12, 2013. J. Environ. Radioact. 128, 47–63.

Saey, P., 2009. The influence of radiopharmaceutical isotope production on the global 
radioxenon background. J. Environ. Radioact. 100, 396–406.

Saey, P.R.J., Wotawa, G., De Geer, L.E., Axelsson, A., Bean, M., d’Amours, R., 
Elmgren, K., Peterson, J., Ringbom, A., Stocki, T.J., Ungar, R.K., 2006. Radioxenon 
background at high northern latitudes. J. Geophys. Res. Atmospheres 111, D17306. 
http://dx.doi.org/10.1029/2005JD007038.

Seibert, P., Frank, A., 2004. Source-receptor matrix calculation with a Lagrangian 
particle dispersion model in backward mode. Atmospheric Chem. Phys. 4, 51–63.

Šmídl, V., Quinn, A., 2006. The Variational Bayes Method in Signal Processing. 
Springer.

Šmídl, V., Tichý, O., 2012. Automatic regions of interest in factor analysis for dynamic 
medical imaging. In: 2012 IEEE International Symposium on Biomedical Imaging. 
ISBI, IEEE.

Sun, Y., Carrigan, C., Liu, B., Kalinowski, M., Qin, Y., Kunkle, J., Antoun, T., 2022. 
Implications of underground nuclear explosion cavity evolution and subsurface 
gas transport for radioxenon isotopic composition. Virtual CTBTO expert meeting 
on special studies on expert technical analysis with radionuclide and atmospheric 
transport modeling.

Tibshirani, R., 1996. Regression shrinkage and selection via the lasso. J. R. Stat. Soc. 
Ser. B Stat. Methodol. 267–288.

Tichý, O., Hýža, M., Evangeliou, N., Šmídl, V., 2021. Real-time measurement of 
radionuclide concentrations and its impact on inverse modeling of 106ru release 
in the fall of 2017. Atmospheric Meas. Tech. 14, 803–818. http://dx.doi.org/10.
5194/amt-2020-205.

Tichý, O., Šmídl, V., Hofman, R., Stohl, A., 2016. LS-APC v1.0: a tuning-free method 
for the linear inverse problem and its application to source-term determination. 
Geosci. Model. Dev. 9, 4297–4311.

Tipping, M., 2001. Sparse Bayesian learning and the relevance vector machine. J. Mach. 
Learn. Res. 1, 211–244.

Winiarek, V., Bocquet, M., Saunier, O., Mathieu, A., 2012. Estimation of errors in the 
inverse modeling of accidental release of atmospheric pollutant: Application to the 
reconstruction of the cesium-137 and iodine-131 source terms from the Fukushima 
Daiichi power plant. J. Geophys. Res.: Atmospheres 117.

Wotawa, G., Becker, A., Kalinowski, M., Saey, P., Tuma, M., Zähringer, M., 2010. 
Computation and analysis of the global distribution of the radioxenon isotope 133 
Xe based on emissions from nuclear power plants and radioisotope production 
facilities and its relevance for the verification of the nuclear-test-ban treaty. Pure 
Appl. Geophys. 167, 541–557.

Xu, Y., Dong, X., Fang, S., 2025. Efficient Bayesian source reconstruction and uncer-
tainty quantification of atmospheric radionuclide releases by replacing release rate 
sampling with Maximum-A-Posteriori estimation of time-varying release rates. J. 
Hazard. Mater. 492, 138171.

http://dx.doi.org/10.1016/j.jenvrad.2019.03.022
http://dx.doi.org/10.1016/j.jenvrad.2019.03.022
http://dx.doi.org/10.1016/j.jenvrad.2019.03.022
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb14
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb14
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb14
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb14
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb14
http://dx.doi.org/10.1016/j.jenvrad.2024.107384
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb16
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb16
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb16
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb16
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb16
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb17
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb17
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb17
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb17
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb17
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb18
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb18
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb18
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb18
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb18
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb19
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb20
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb20
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb20
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb20
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb20
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb21
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb21
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb21
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb21
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb21
http://dx.doi.org/10.1016/j.jenvrad.2023.107121
http://dx.doi.org/10.1007/s00024-020-02579-w
http://dx.doi.org/10.1007/s00024-021-02812-0
http://dx.doi.org/10.1007/s00024-021-02719-w
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb26
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb26
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb26
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb27
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb28
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb29
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb29
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb29
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb29
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb29
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb30
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb30
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb30
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb30
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb30
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb31
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb32
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb33
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb34
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb35
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb36
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb37
https://conferences.ctbto.org/event/23/contributions/4509/
https://conferences.ctbto.org/event/23/contributions/4509/
https://conferences.ctbto.org/event/23/contributions/4509/
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb39
https://publications.sckcen.be/portal/files/7373598/ResearchOutput-47010939.pdf
https://publications.sckcen.be/portal/files/7373598/ResearchOutput-47010939.pdf
https://publications.sckcen.be/portal/files/7373598/ResearchOutput-47010939.pdf
http://dx.doi.org/10.1016/j.atmosenv.2020.118105
http://dx.doi.org/10.1016/j.atmosenv.2020.118105
http://dx.doi.org/10.1016/j.atmosenv.2020.118105
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb42
https://pris.iaea.org/pris/
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb44
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb45
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb45
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb45
http://dx.doi.org/10.1029/2005JD007038
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb47
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb47
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb47
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb48
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb48
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb48
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb49
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb49
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb49
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb49
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb49
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb50
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb51
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb51
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb51
http://dx.doi.org/10.5194/amt-2020-205
http://dx.doi.org/10.5194/amt-2020-205
http://dx.doi.org/10.5194/amt-2020-205
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb53
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb53
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb53
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb53
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb53
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb54
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb54
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb54
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb55
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb56
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57
http://refhub.elsevier.com/S0265-931X(26)00254-7/sb57

	Impact of background representation on Bayesian radioxenon source estimation using IMS measurements
	Introduction
	Datasets and background modeling
	Nuclear test dataset
	Background dataset 1: Summed background
	Background dataset 2: Separate background

	Inverse modeling with background signal
	Inversion models with LASSO term
	Inversion models using variational Bayes inference

	Results
	Results for test cases in terms of releases and timing
	Example results and discussions
	Release location estimation

	Conclusions
	CRediT authorship contribution statement
	Disclaimer
	Declaration of competing interest
	Acknowledgments
	Appendix. Rigorous formulation of the VB with sepBG model
	Data availability
	References


