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Identifying neutron sources using recoil and time-of-flight spectroscopy
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Identification of neutron sources is central to nuclear physics and its applications, from planetary science
to nuclear security, yet direct source discrimination from measured neutron spectra remains fundamen-
tally elusive. Here, we introduce a Bayesian protocol that directly infers source ensembles from measured
neutron spectra by combining full-spectrum template matching with probabilistic evidence evaluation.
Applying this protocol to recoil and time-of-flight spectroscopy, we recover single- and two-source con-
figurations with strong statistical significance (beyond 4σ ) at event counts as low as ∼103. These results
demonstrate that neutron spectral signatures can be leveraged for robust source identification, opening a
new observational window for both fundamental research and operationally driven applications.
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I. INTRODUCTION

Neutrons are powerful probes of matter due to their
charge neutrality and strong nuclear interactions [1,2]. The
energy spectra of neutron fields encode both their pro-
duction mechanisms and the modulation processes they
undergo, making neutron spectroscopy indispensable for
applications ranging from determining planetary surface
compositions [3–6] to monitoring environmental neutron
fields for soil moisture and biomass estimation [7–9]. In
safety and security contexts, the ability to infer neutron-
source characteristics directly from spectral measurements
is equally critical, supporting the discrimination of spe-
cial nuclear material [10,11] and enabling robust source
attribution and risk-informed protective actions in nuclear
forensics and emergency response [12,13].

Despite its central role across scientific and applied
domains, inferring neutron sources and the modulation
processes they undergo directly from measured energy
spectra—referred to here as identification—remains funda-
mentally elusive. Most neutron sources exhibit continuous
energy emissions with strong spectral similarity [13,14].
These spectral features, compounded by detector response
broadening and the modulating effects of intervening mate-
rials, result in ill-conditioned inverse problems that make it
difficult to determine the underlying source characteristics
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and modulation histories. As a result, current identifica-
tion methodologies are largely restricted to indirect or
proxy signatures, such as secondary alpha and gamma-ray
emissions [12,15–18] or correlation metrics derived from
integral spectral components [4–6,14]. While secondary
emissions can provide additional context, they may be
absent or strongly attenuated depending on source encap-
sulation and environmental conditions. Qualitative spectral
metrics, in turn, offer only limited accuracy and precision,
are typically restricted to single-source scenarios, and lack
quantitative measures of statistical significance.

In this study, we introduce a Bayesian methodology that
directly addresses these challenges by enabling quantita-
tive inference of source ensembles using neutron spec-
troscopy. By combining full-spectrum template matching
with probabilistic inference, our approach overcomes the
limitations of current methods, providing direct, quan-
titative discrimination between single- and multisource
models, even in the presence of strong spectral similarity
and low count statistics. We demonstrate the identifica-
tion fidelity in a series of dedicated laboratory experiments
using varying sets of spontaneous fission and (α,n) neu-
tron sources, evaluated across two prominent measurement
modalities: recoil and time-of-flight (TOF) spectroscopy.

II. EVIDENCE-BASED BAYESIAN SOURCE
IDENTIFICATION

Motivated by recent successes in addressing similarly
ill-conditioned model inference problems in gravitational-
wave astronomy [19–21] and exoplanet research [22,23],
we develop here a probabilistic framework for neutron
source identification formulated as a Bayesian model com-
parison problem [24,25]. For a neutron source model M
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conditioned on a set of observed neutron spectra D =
{yi ∈ NN }ND

i=1 with measured counts y ∈ NN , N ∈ N chan-
nels, and ND ∈ N realizations, we quantify the support for
M through the model evidence, defined as the marginal
likelihood p(D | M) given by

Z =
∫

�

L(θ;D,M)p(θ | M) dθ, (1)

where L(θ;D,M) and p(θ | M) denote the likelihood
and parameter prior defined on an M -dimensional param-
eter space � = {θ ∈ RM } with N and R representing the
sets of natural and real numbers, respectively.

The source model M represents the forward mapping
from any admissible parameter vector θ to the expected
spectral response of a given spectrometric system M(θ) :
� ⊆ RM �→ NN . This mapping is parameterized as a lin-
ear superposition of S ∈ N spectral templates M(θ) =∑S

s=1 ξsψs, where each template ψs ∈ RN
+ represents the

normalized full-spectrum response of the spectrometric
system to the sth neutron source, and ξs ∈ R+ denotes
the corresponding non-negative neutron emission rate. The
template set T = {ψs}S

s=1 thus defines the discrete ensem-
ble of candidate neutron sources considered within a given
model M.

To determine which model is most consistent with the
data D, we perform Bayesian model comparison across a
finite collection of competing models {Mk}K

k=1 with asso-
ciated model priors p(Mk). The relative support for one
model over another is quantified by the posterior odds ratio

Oij = p(Mi | D)

p(Mj | D)
= Zi

Zj

p(Mi)

p(Mj )
, (2)

which incorporates both the Bayesian evidence Zk and the
model prior p(Mk) for model Mk [26]. In the special case
of noncommittal model priors p(Mk) = 1/N ∀k, the pos-
terior odds ratio reduces to the ratio of evidence values,
Zi/Zj , which is commonly referred to as the Bayes factor
[24,25].

While Eq. (1) is analytically intractable for general like-
lihood and prior distributions [25], advances in Bayesian
computation over the past decades have made accu-
rate numerical approximations feasible. In this work, we
employ nested sampling to evaluate Eq. (1) for a pre-
defined set of source models {Mk}K

k=1, likelihood func-
tions L(θ;D,M), and corresponding parameter priors
p(θ | M) [27]. Here, we summarize the likelihood and
prior definitions that constitute the Bayesian model, with
detailed computational procedures for sampling, conver-
gence diagnostics, and uncertainty quantification provided
in Appendix A.

Following analogous treatments in particle physics
and cosmology [28–33], we formulate the likelihood
L(θ;D,M) within a probabilistic negative binomial

model Y | θ ∼ NB(y | θ), where Y denotes the random
vector of observed counts. The associated likelihood was
formulated using a parameterization established in prior
studies [34–36] as

L (θ;D,M) =
ND∏
k=1

N∏
j =1

�
(

yk,j + 1
αNB

)

�
(

1
αNB

)
�

(
yk,j + 1

)

×
(

1
1 + αNBM(θ)

) 1
αNB

×
(

1
1 + [αNBM(θ)]−1

)yk,j

(3)

with �(·) denoting the gamma function and yk,j ∈ N rep-
resenting the counts observed in channel j of the spectrum
k. The dispersion parameter αNB ∈ R+ in Eq. (3) controls
the overdispersion beyond the intrinsic Poisson statistics
as Var(Y) = 〈Y〉 + αNB〈Y〉2 with αNB ∈ R+. To prevent
biased inference, we incorporate the dispersion param-
eter αNB directly into the inference protocol, estimating
it concurrently with the neutron emission rates ξ ∈ RS

+.
As a result, the inverse problem associated with a given
model M becomes M = S + 1-dimensional, with the full
parameter vector defined as θ := (ξ, αNB).

The likelihood specification in Eq. (3) forms the first
component of the Bayesian model definition. Completing
the model requires assigning suitable priors to the model
parameters θ. To avoid overly restrictive assumptions on
these parameter priors, we adopted weakly informative,
statistically independent marginal priors p (θ | M) :=∏M

i=1 p (θi | M) for all model parameters θ , with the
marginal priors p (θ | M) defined based on the princi-
ple of maximum entropy [37]. Specifically, we chose a
truncated normal distribution for the neutron emission
rate ξ ∼ N (μ = 108 s−1, σ = 108 s−1) ∈ [0, ∞), invari-
ant with respect to the source, and an exponential dis-
tribution for the dispersion parameter αNB ∼ E(λ = 1) ∈
[0, ∞).

III. EXPERIMENTS

We demonstrate the fidelity of the proposed Bayesian
identification methodology by retrieving spontaneous fis-
sion and (α,n) source combinations from observed neutron
fields probed by neutron spectroscopy under laboratory
conditions.

The neutron fields in all experiments were measured
using an array of 12 organic-glass scintillator bars, each
coupled to a dual-ended silicon-photomultiplier readout
[38], enabling simultaneous recoil and TOF spectroscopy
with a single detector system. Three independent exper-
iments were performed covering the complete power set
of a 252

98Cf and a 239
94Pu-Be source, hereafter referred to as

Cf-252 and PuBe, with respective neutron emission rates
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FIG. 1. Measurement setup for experiment D2 (single PuBe
source at azimuth ϕ = −35 ° relative to the spectrometer; see
Table I).

of 1.74(9) × 106 s−1 and 1.70(4) × 106 s−1. The sources
were fixed at a distance of 58.4 cm from the center of
the spectrometer’s active volume, centered on its horizon-
tal mid-plane. Reproducible placement of sources and the
spectrometer was ensured using an optical breadboard and
a custom source holder arc (see Fig. 1).

A dedicated background run was performed under iden-
tical detector and acquisition conditions to quantify the
intrinsic neutron background in both recoil and TOF
modes. The background contribution was found to be
negligible in all cases, with signal-to-background ratios
exceeding 104 in recoil spectroscopy and 103 in TOF
spectroscopy (see Supplemental Material [39]).

Templates ψ for the measured sources were inferred
from two additional single-source measurements using
a data-driven approach based on generalized additive
machine-learning models [41]. To test the robustness and
generalization capability of the derived template bank, we
deliberately varied the azimuthal angle ϕ and introduced
an additional 6.8 mm lead sleeve during these measure-
ments. A summary of all source-detector configurations
and corresponding live times is provided in Table I. Further
details on the spectrometer, data reduction pipeline, and
template generation protocol can be found in Appendices
B–D.

IV. IDENTIFICATION FIDELITY

We report the Bayesian evidence results for the com-
plete set of competing models, defined as the power
set of single-source templates, P(S) = {Mk}K

k=1, where
S denotes the set of individual single-source templates.
Results are shown for the three identification experiments
in Figs. 2 and 3 using recoil and TOF spectroscopy. To

(a) (b)

(c) (d)

(e) (f)

FIG. 2. Bayesian evidence results for three experiments using
recoil spectroscopy. (a),(b) Single-source Cf-252 experiment
(D1). (c),(d) Single-source PuBe experiment (D2). (e),(f) Two-
source Cf-252 and PuBe experiment (D3). Panels (a),(c),(e) show
log evidence values logZi=j for each model Mi=j (antidiago-
nal entries), log Bayes factors 
 logZij = log(Zi/Zj ) (above
antidiagonal entries), and log posterior odds ratios logOji =
log(Zj /Zi) + log[p(Mj )/p(Mi)] (below antidiagonal entries)
with p(M) ∝ 4− dim(M). Uncertainties are indicated using least-
significant-figure notation, with lower statistical-significance
bounds in square brackets [24]. Panels (b),(d),(f) show the
measured energy spectra (coverage factor k = 1) alongside
maximum-a-posteriori predictions and 99% central posterior pre-
dictive intervals (shaded area) for the retrieved (true) source
set.

illustrate the robustness of our results across retrieval
assumptions, we explore the model-selection fidelity using
both log Bayes factors 
 logZ , representing noncom-
mittal model prior assumptions, as well as log posterior
odds ratios logO, adopting weakly informative model pri-
ors p (M) ∝ 4− dim(M) favoring lower-dimensional mod-
els [26,42]. For both spectroscopy modalities, the true
source set is recovered with decisive statistical confi-
dence on Jeffreys’ scale (
 logZ > 8.0, logO > 8.7) over
all competing models [43], corresponding to a statistical
significance beyond 4σ [24].
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TABLE I. Key measurement parameters of the performed neutron spectroscopy experiments.

ID Source ξ (s−1)a ϕ (°)b tlive (s)c Casingd

D1 Cf-252 1.74(9) × 106 +35 5.63 × 104 ✗
D2 PuBe 1.70(4) × 106 −35 1.80 × 104 ✗
D3 Cf-252 1.74(9) × 106 +35 2.03 × 104 ✗

PuBe 1.70(4) × 106 −35 ✗
D4 Cf-252 1.74(9) × 106 0 5.63 × 104 �
D5 PuBe 1.70(4) × 106 0 1.80 × 104 �
Db background 5.32 × 104

a Neutron emission rate.
bAzimuth source position with respect to the spectrometer (see Fig. 1).
c Measurement live time (rounded to three significant figures).
d Flag indicating use of a lead sleeve (6.8 mm thick) around the deployed neutron source(s) (see Fig. 1).

Comparing noncommittal and weakly informative
model priors, we observe statistically significant differ-
ences in the inferred evidence for the true source configu-
ration, which nevertheless do not alter the model-selection
outcome. For example, in the recoil spectroscopy modal-
ity of the Cf-252 and PuBe experiment [Fig. 2(e)], the log
posterior odds ratio (weakly informative prior) is 106.1(2),
while the corresponding log Bayes factor (noncommittal

(a) (b)

(c) (d)

(e) (f)

FIG. 3. Same as Fig. 2 but using TOF instead of recoil spec-
troscopy.

prior) is 106.8(2) relative to the best competing model
(PuBe), illustrating that the model prior choice has a negli-
gible effect on the model selection fidelity, and confirming
that the outcome is dictated by the observed data rather
than by the specific form of the model priors for the given
measurement setup.

Here, all identification results were obtained with a fixed
measurement time O(104) s per experiment, with recoil
and TOF spectroscopy acquisitions performed in parallel.
Because TOF spectroscopy relies on coincidence events,
its event rate is O(102) lower than that of recoil spec-
troscopy, leading to consistently higher log Bayes factors
and log posterior odds ratios for the recoil modality. To
generalize beyond system-specific event rates, we quan-
tify in the next section the scaling of model-selection
fidelity with the total number of detected events for both
spectroscopy modalities.

V. EVENT SCALING

To assess the scaling of model-selection fidelity with the
total number of detected events, we compute the poste-
rior probability p(Mtrue | D) of retrieving the true source
model Mtrue conditioned on the experimental data D
for varying event counts (see Appendix A). Additionally,
to explore the impact of the applied prior assumptions
on p(Mtrue | D), we relax the model prior used previ-
ously to p(M) ∝ 2λ dim(M) with λ ∈ [−3, +3] and λ = 0
representing a noncommittal model prior. In Fig. 4, the
results of these computations for recoil and TOF spec-
troscopy are presented. As expected, the experiments differ
in how quickly they decisively favor the true model, with
the single-source cases achieving p(Mtrue | D) ≈ 1 after
∼102 events, whereas the two-source cases require ∼103

events. Owing to the natural regularization inherent in the
Bayesian evidence, we observe that increasing the model
prior exponent λ consistently leads to faster convergence
by favoring higher-dimensional models, while decreasing
it slows convergence by favoring lower-dimensional mod-
els, consistent with the dimensionality weighting in the
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(a) (b)

(c) (d)

(e) (f)

FIG. 4. Posterior model probability p(Mtrue | D) of retrieving
the true source model Mtrue as a function of the total number
of detected events, for varying prior exponents λ in the model
prior p(M) ∝ 2λ dim(M) with λ ∈ [−3, +3]. Panels (a),(b) show
the single-source Cf-252 experiment (D1), (c),(d) the single-
source PuBe experiment (D2), and (e),(f) the two-source Cf-252
and PuBe experiment (D3). Panels (a),(c),(e) display posteriors
conditioned on recoil spectroscopy data, while (b),(d),(f) show
posteriors conditioned on TOF spectroscopy data. In addition to
the number of detected events, the corresponding measurement
times for each spectroscopy modality are indicated.

prior. Interestingly, recoil spectroscopy converges consis-
tently faster than TOF spectroscopy, not only in temporal
terms, as discussed above, but also with respect to the
absolute event count. This difference in scaling motivates
an information-theoretic analysis of the two modalities to
determine whether one yields an inherently higher infor-
mation gain than the other on an absolute event scale.

Following an information-theoretic perspective [44], we
aim to quantify the information gained IG (Mtrue;D)

about the true source model Mtrue from our experimen-
tal data D for varying event counts relative to our prior
beliefs p(Mtrue) over all candidate models. Building on
earlier information theory work in Bayesian parameter
inference [44–46], we define this information gain as
the relative entropy [47], which measures the informa-
tion (in bits) gained about the true source model Mtrue
from the dataset D (see Appendix A). In the limit where

(a) (b)

(c) (d)

(e) (f)

FIG. 5. Information gain IG (Mtrue;D) about the true source
model Mtrue from the dataset D as a function of the total num-
ber of detected events, for varying prior exponents λ in the model
prior p(M) ∝ 2λ dim(M) with λ ∈ [−3, +3]. Panels (a),(b) show
the single-source Cf-252 experiment (D1), (c),(d) the single-
source PuBe experiment (D2), and (e),(f) the two-source Cf-252
and PuBe experiment (D3). Panels (a),(c),(e) display IG for
recoil spectroscopy data, while (b),(d),(f) show IG for TOF
spectroscopy data. In addition to the number of detected events,
the corresponding measurement times for each spectroscopy
modality are indicated.

the posterior collapses on the true model p(Mtrue | D) →
1, IG(Mtrue;D) approaches − log2 p(Mtrue). Thus, the
prior places an absolute upper bound on the achiev-
able information. In Fig. 5, we show IG(Mtrue;D)

for all three experiments as a function of event count.
Across all tested prior weights and source configurations,
recoil spectroscopy exhibits a consistently steeper rise
in information gain than TOF spectroscopy, demonstrat-
ing that—beyond the expected advantage from its higher
event rate—recoil spectroscopy also achieves a higher
information-acquisition rate on an absolute event scale.
Based on both parameter and predictive posteriors across
all experiments, we attribute the lower information gain in
TOF spectroscopy to its substantially higher overdisper-
sion relative to recoil spectroscopy (factor ∼101 difference
in the dispersion parameter αNB), resulting in an inherently
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(a) (b)

FIG. 6. Posterior model probability p(Mtrue | D) of retrieving
the true source model Mtrue (Cf-252 and PuBe) as a function of
the total number of detected events, for varying neutron emis-
sion ratios ξCf-252/ξPuBe with noncommital model priors p(M) =
const. (corresponding to λ = 0). Panel (a) displays posteriors
conditioned on recoil spectroscopy data, while (b) shows pos-
teriors conditioned on TOF spectroscopy data. For reference, we
indicate, in addition to the number of detected events, measure-
ment times for each spectroscopy modality assuming a neutron
emission rate ξPuBe = 1.70(4) × 106 s−1 for PuBe reflective of
the one used in our experiments (see Sec. III). Uncertainties are
indicated as 3σ shaded areas.

higher statistical dispersion per event. Full posterior results
for all experiments are provided in the Supplemental Mate-
rial [39].

We conclude the event-scaling analysis by examining
how the posterior probability p(Mtrue | D) of retrieving
the true source model Mtrue scales with the total number
of detected events when the neutron emission ratio in our
experiments ξCf-252/ξPuBe ≈ 1 is relaxed (see Sec. III). To
this end, we generated two-source datasets by combining
resampled Cf-252 and PuBe single-source spectroscopic
data with varying emission ratios using a resampling pro-
tocol described in Appendix A, in direct analogy to the
analysis of Fig. 4. The resulting posterior probabilities are
shown in Fig. 6. As expected, greater imbalance between
the neutron emission rates requires more events for the
posterior to decisively favor the true model. Nevertheless,
even under significant imbalances ξCf-252/ξPuBe = O(102),
the correct source set is recovered with decisive statisti-
cal confidence on Jeffreys’ scale (
 logZ > 13, exceeding
5σ ) after O(106) detected events for both spectroscopy
modalities, demonstrating the robustness of the Bayesian
identification procedure even under strongly nonuniform
source contributions. Consistent with the findings above,
recoil spectroscopy reaches decisive posterior probabili-
ties at systematically lower event counts than TOF spec-
troscopy, indicating that its advantage persists even when
the constraint of comparable neutron emission rates is
relaxed.

VI. CONCLUSION

In this study, we have demonstrated the first quantitative
identification of neutron sources from measured neutron
spectra by combining full-spectrum template matching
with probabilistic evidence evaluation. Our framework
achieves high-confidence discrimination (beyond 4σ ) in
single- and two-source configurations with comparable
neutron emission rates at event counts as low as 103. Fur-
thermore, we find that this identification remains robust
to source imbalances: even at neutron emission ratios of
O(102), the true source model is retrieved with decisive
statistical confidence within O(106) events. Comparing
recoil and TOF modalities, we find that recoil spectroscopy
delivers consistently higher information gain across all
source configurations, both on a temporal and on a per-
event basis. This work demonstrates that neutron spectral
signatures can be leveraged as a direct and quantitative
modality for source identification, opening a new, robust
observational window for both basic research and field
applications.

While our study focused on simplified source sets
under controlled laboratory conditions, the framework
naturally extends to more complex and realistic source
scenarios. To scale these methods efficiently without
the need for prohibitively large measurement campaigns,
future work will explore the use of high-fidelity neutron
transport simulations [48–50] to generate comprehen-
sive, physics-informed template banks. By incorporat-
ing spectral variability arising from different geometries,
shielding materials, or environmental conditions, such
physics-informed modeling will enable the joint quan-
titative inference of both the source ensembles and the
modulation processes the neutrons undergo. This capabil-
ity will extend our retrieval methods to a broad variety
of applications, from constraining the surface composition
of planetary bodies in the solar system [3–6] to support-
ing discrimination of special nuclear material [10,11] and
robust source attribution in nuclear forensics, radiochem-
istry, and emergency response [12,13].
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APPENDIX A: BAYESIAN COMPUTATIONS

In this appendix, we describe the numerical evaluation
of the Bayesian evidence in Eq. (1) using nested sam-
pling alongside a thorough discussion of the convergence
diagnostics and uncertainty quantification. We also provide
details on the Bayesian computations for the event-scale
analysis in Sec. V, including the evaluation of posterior
model probabilities and information-gain measures.

1. Bayesian evidence

Using the specified joint prior distribution and likeli-
hood function in Sec. II, we evaluated the Bayesian evi-
dence Z in Eq. (1) while simultaneously sampling the pos-
terior distribution p(θ | D,M) using the nested sampling
code dynesty (version 3.0.0) [52]. This Bayesian infer-
ence procedure was carried out independently for each can-
didate source model {Mk}K

k=1, yielding a corresponding set
of Bayesian evidence values {Zk}K

k=1 from which Bayes
factors and posterior odds ratios are readily obtained as
detailed in Sec. II. For each nested-sampling run, we used
210 live points and set the evidence tolerance to 
 logZ =
0.1. The bounding strategy singlewas adopted, and new
samples were drawn using the default uniform-sampling
method. All other sampler settings were kept at their
default values. Convergence and numerical precision were
evaluated using established nested-sampling diagnostics
[27,52,53]. Across all runs, we obtained an effective sam-
ple size ESS > 4 × 103 and a sampling efficiency exceed-
ing 25%. Following the uncertainty quantification frame-
work introduced in Refs. [53–55], the statistical uncer-
tainties on the computed Bayesian evidence values were
estimated directly from the dynesty outputs and are
reported in Sec. IV. In addition to the Bayesian evidence
values, Bayes factors, and posterior odds ratios reported in
Sec. IV, we provide the full posterior results for all nested
sampling runs in the Supplemental Material [39].

It is important to note that the gamma function terms in
Eq. (3) increase rapidly for moderately large arguments,
requiring careful numerical evaluation of the likelihood
function. To prevent overflow, we conducted all Bayesian
computations using the logarithm of the likelihood func-
tion:

logL (θ;D,M) =
ND∑
k=1

N∑
j =1

log �

(
yk,j + 1

αNB

)

− log �

(
1

αNB

)
− log �

(
yk,j + 1

)

− 1
αNB

log (1 + αNBM(θ))

− yk,j log
(

1 + 1
αNBM(θ)

)
. (A1)

The log-gamma terms in Eq. (A1) were computed using
a numerically robust algorithm [56,57], which maintains
stability and precision across the full dynamic range of our
input arguments.

2. Posterior model probability

In Sec. V, we evaluated how the posterior model
probability p(Mtrue | D) and the information gain
IG(Mtrue;D) relative to the true source model Mtrue scale
with the total number of detected events in the experiments
performed. In the following two sections, we detail the
computational procedure used to obtain these quantities.

We started our event-scale analysis by generating a
collection of resampled datasets {D(b) = {y(b) ∈ NN }}B

b=1,
where each spectrum y(b) contained exactly N (b)

event total
counts drawn from a predefined reference dataset D cor-
responding to one of the recorded spectra y ∈ NN pre-
sented in Sec. IV. Defining the spectral probability vector
p = (p1, . . . , pN ) with components pi = yi

/∑N
j =1 yj , each

spectrum was generated via multinomial sampling y(b) ∼
Multinomial(N (b)

event, p) ∈ NN with probabilities p propor-
tional to the reference spectrum y. This procedure yielded
independent finite-statistics realizations that preserve the
spectral shape of y. For each number of events N (b)

event,
we generated Nrep = 103 realizations, with N (b)

event defined
on a logarithmically spaced grid with 4 × 102 instances
between N (1)

event = 1 and N (B)
event = Nevent, with Nevent being

the number of detected events in the reference spectrum y.
We continued by computing the log Bayesian evidence

logZ (b) for each resampled dataset D(b) as

logZ (b) = log
∫

�

L(θ;D(b),M)p(θ|M) dθ (A2a)

= logZ − log
∫

�

L(θ;D(b),M)

L(θ;D,M)

likelihood ratio

p(θ|D,M)

posterior

dθ

(A2b)

≈ logZ − log Nθ + log
Nθ∑
i=1

exp
[

logL(θi;D(b),M) − logL(θi;D,M)
]

(A2c)

with logZ denoting the log Bayesian evidence of
the reference dataset D, while logL(θi;D,M) and
logL(θi;D(b),M) are the log likelihoods for D and D(b)

evaluated at each posterior sample {θi}Nθ
i=1 obtained from

the nested sampling runs (see Appendix A 1). The impor-
tance sampling procedure in Eq. (A2c) allowed us to
efficiently estimate the log Bayesian evidence for each of
the 400 × 1000 resampled spectra, from which we then
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computed the mean and standard error using Monte Carlo
error propagation across the Nrep = 103 realizations.

Based on the computed set of log Bayesian evidence val-
ues logZ (b) for each resampled dataset D(b), we computed
the posterior model probability, that is, the posterior prob-
ability p(Mtrue | D(b)) of retrieving the true source model
Mtrue conditioned on D(b) and a set of competing models
{Mk}K

k=1 with associated model priors p(Mk):

p(Mtrue|D(b)) = p(D(b)|Mtrue)p(Mtrue)∑K
k=1 p(D(b)|Mk)p(Mk)

(A3)

with p(D(b) | Mk) = Z (b)

k denoting the Bayesian evidence
of D(b) conditioned on model Mk. For numerical stability,
Eq. (A3) was evaluated in logarithmic form using the Log-
SumExp (LSE) transformation, which allows for robust
computation of the logarithm of a sum of exponentials and
prevents over- or underflow:

log p(Mtrue|D(b)) = logZ (b)
true + log p(Mtrue)

− log
K∑

k=1

exp
[
logZ (b)

k + log p(Mk)
]

(A4)

where Z (b)
true := p(D(b) | Mtrue) denotes the Bayesian evi-

dence of D(b) conditioned on the true model Mtrue. As
with the Bayesian evidence itself, the statistical uncer-
tainty in the posterior model probability p(Mtrue | D(b))

was quantified via Monte Carlo error propagation over the
Nrep = 103 available realizations.

The computational protocol described above was fur-
ther generalized to evaluate the source configurations pre-
sented in Fig. 6. For these evaluations, resampled datasets
D(b) were constructed by combining single-source spec-
tral components with prescribed neutron emission ratios
ξCf-252/ξPuBe ∈ {1, 101, 102}. To ensure robust resampling
across the extended dynamic range of event counts, the
multinomial sampling probabilities p were defined pro-
portional to the high-fidelity spectral templates ψ (see
Sec. II and Appendix D). For each configuration, we uti-
lized Nrep = 103 realizations per grid point, with total
event counts N (b)

event distributed across a logarithmically
spaced grid of 102 instances from N (1)

event = 1 to a maximum
of N (B)

event = (1 + ξCf-252/ξPuBe)108. Bayesian evidence val-
ues for these realizations were computed via Eq. (A2c),
where the reference log-evidence logZ and log-likelihood
logL(θ;D,M) were defined relative to the high-statistics
dataset D := D(B) and retrieved using the nested-sampling
procedure detailed in Sec. A 1. The statistical uncertainty
in the posterior model probability p(Mtrue | D(b)) was
then again quantified via Monte Carlo error propagation
over the available realizations.

3. Information gain

Building on earlier information theory work in Bayesian
parameter inference [44–46], we continued our event-scale
analysis by assessing the information gained about the true
source model Mtrue from the dataset D(b). For each resam-
pled dataset D(b), we quantified the information gain as the
Kullback-Leibler divergence (relative entropy) between
the posterior and prior probabilities for the true model [47]:

IG(Mtrue;D(b)) = p(Mtrue|D(b)) log2
p(Mtrue|D(b))

p(Mtrue)
,

(A5)

where p(Mtrue | D(b)) is the posterior model probability
obtained through Eq. (A4). This formulation quantifies the
information gained about the true model from the observed
data relative to the prior expectation in units of bits. The
statistical uncertainty in IG was again estimated by propa-
gating the Monte Carlo variability across the Nrep = 103

realizations of the resampled datasets. Averaging over
these realizations yielded the expected information gain
and its standard error, providing a robust measure of how
strongly each dataset supports the true model under the
competing hypothesis set {Mk}K

k=1.

APPENDIX B: NEUTRON SPECTROMETER

The neutron spectrometer employed in this work
is an organic-glass scintillator (OGS) based system
that has been characterized extensively in prior stud-
ies [14,38,58]. OGS material offers a combination of
high light output, fast scintillation response, and excel-
lent pulse shape discrimination (PSD), making it par-
ticularly well suited for neutron spectroscopy across
both recoil and TOF modalities [59–61]. The OGS
composition used in this work consists of a 90 :
10 molecular blend of bis(9,9-dimethyl-9H-fluoren-2-
yl)diphenylsilane, C42H36Si, and phenyltris(9,9-dimethyl-
9H-fluorene-2-yl)silane, C51H44Si, combined with a 0.2
wt% 1,4-bis(2-methylstyryl)benzene, C24H22, wavelength
shifter (Bis-MSB). Detailed information about the chem-
istry and synthesis of these compounds can be found in
Ref. [62].

The spectrometer consists of 12 OGS bars, each with
dimensions of 6 × 6 × 50 mm3 (see Fig. 1). All bars
are wrapped in polytetrafluoroethylene (Teflon) tape to
enhance diffuse optical reflection and improve light-
collection uniformity. The OGS bars are coupled between
two 64-pixel ArrayJ-60035-64P-PCB Onsemi silicon pho-
tomultiplier (SiPM) boards operated at 29.6 V. This
dual-ended readout configuration allows for event recon-
struction on the vertical axis of the OGS bars [38,63].
Prior work has demonstrated a time resolution of 270 ps
at 200–341 keVee between two OGS bars [64]. The spec-
trometer also features eight encapsulated cylindrical CeBr3
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crystals (6 mm diameter and height) for gamma-ray spec-
troscopy and imaging, which are not relevant for this work.
All scintillator/SiPM interfaces are coupled using 0.5-mm-
thick silicone rubber EJ-560 pads to ensure stable optical
transmission. The system uses custom-made printed cir-
cuit boards (PCBs) to apply the voltage bias and readout
the signals from the SiPM arrays [65]. The signals from
all channels are digitized using synchronized CAEN v1730
waveform digitizers (14-bit resolution, 500 MHz sampling
rate, 2 V dynamic range). The CAEN v1730 modules were
synchronized using a shared reference clock to maintain
consistent timing across boards, enabling accurate recon-
struction of interbar time differences for TOF analysis. The
full detector assembly is enclosed in an aluminum dark box
to suppress ambient light. A schematic photograph of the
instrument and its mechanical layout is shown in Fig. 1.

APPENDIX C: DATA REDUCTION

In this work, we adopt a benchmarked data reduction
pipeline that has already been discussed in detail in our
previous work [38,66]. In this subsection, we limit the dis-
cussion to key steps used for recoil and TOF spectroscopy.
Further information on waveform processing, filtering, and
uncertainty quantification is provided in Refs. [38,66].

Data are collected in full-waveform acquisition mode
with a record length of 800 ns. Energy calibration was
performed using 137

55Cs measurements at the start and
end of each experiment, following a calibration protocol
described in Ref. [67]. For each detected event, the sig-
nals recorded at each end of the organic-glass scintillator
bar are summed together if triggered within a 20 ns coin-
cidence window. The start time of each detected event
is determined by the average of the start times from the
paired signals. Neutron and gamma-ray signals were sep-
arated using charge-integration PSD with an autoslicing
algorithm [68,69]. This PSD step is applied to all events
and is common to both recoil and TOF spectroscopy.

1. Recoil spectroscopy

In recoil spectroscopy mode, we process all PSD-
classified neutron events from individual OGS bars. For
each event, the scintillation pulse produced by the neutron-
induced proton recoil in OGS is integrated to obtain the
pulse integral, which quantifies the light output. The cali-
brated light output is then expressed in electron-equivalent
deposited energy to generate the recoil energy spectra.

2. TOF spectroscopy

TOF spectroscopy extends the analysis to multibar coin-
cidence events to reconstruct the incident neutron energy.
The procedure begins with the same PSD-classified neu-
tron population used for recoil spectroscopy. From this set,
candidate TOF events are selected by requiring a two-bar

coincidence within a timing window of 0.137–9 ns, moti-
vated by the geometrical constraints of the array and the
selected neutron energy band. This filter isolates neutrons
that undergo sequential inelastic scattering in two different
bars while suppressing accidental coincidences. For each
accepted coincidence event, the incident neutron energy E0
is then reconstructed as

E0 = Edep,1 + ETOF (C1)

where Edep,1 denotes the energy deposited in the first
scatter. This quantity is derived from the pulse integral
light output and corrected for the nonproportional scin-
tillation response of OGS using the Birks model [58,70].
The second term, ETOF, represents the neutron energy
inferred from the measured interbar flight time and the
reconstructed interaction positions along each bar [38,66].
To mitigate systematic biases from gamma-ray leakage,
pileup, and geometrically inconsistent scatter sequences,
we impose an additional kinematic constraint

Edep,2 ≤ ETOF (C2)

where Edep,2 is the energy deposited in the second scat-
ter. This requirement enforces that the second interaction
cannot deposit more energy than is kinematically avail-
able from the neutron after the first interaction. Finally,
we exclude events for which the relative uncertainty in
the reconstructed neutron energy exceeds 50%, ensuring
a high-quality dataset dominated by well-reconstructed
trajectories. The reconstructed set of incident neutron ener-
gies {E0} is then used to generate the TOF neutron spectra
presented in Sec. IV.

APPENDIX D: TEMPLATE GENERATION

As discussed in Sec. II, we define the source model M
in this work as the discrete ensemble of S ∈ N candidate
neutron sources together with their associated template
set T = {ψs}S

s=1. Each template ψs ∈ RN
+ represents the

normalized full-spectrum response of the spectrometric
system with N ∈ N channels to the sth neutron source. Fol-
lowing a full-spectrum template matching approach, we
then parameterize the forward mapping from any admis-
sible parameter vector θ ∈ RM to the expected spectral
response of a given spectrometric system M(θ) : � ⊆
RM �→ NN as the linear superposition of S ∈ N spectral
templates M(ξ) = ∑S

s=1 ξs ψs, where ξs ∈ R+ denotes the
corresponding neutron emission rate.

To generate the template bank required to evaluate the
full power set of a Cf-252 and PuBe source considered in
Sec. IV, we performed two additional single-source Cf-252
(D4) and PuBe (D5) calibration experiments, as discussed
in Sec. III. Adopting a data-driven strategy to minimize
model bias, we generated the templates using a generalized
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(a) (b)

FIG. 7. Generalized-additive-model-based spectral templates
for Cf-252 and PuBe together with the corresponding calibration
data (D4 and D5; see Table I) for two spectroscopy modali-
ties: (a) recoil spectroscopy; (b) TOF spectroscopy. Measurement
uncertainties are shown with coverage factor k = 1, while tem-
plate uncertainties are indicated as 99% prediction intervals. For
better interpretability, the templates are scaled by the neutron
emission rate of each source to represent absolute neutron counts.

additive model (GAM) implemented via the pyGAM pack-
age [41]. For each source, we inferred a semiparametric
GAM from the calibration data using penalized iteratively
reweighted least squares (10−5 tolerance). We employed a
variable number of F penalized B-spline basis functions
(F ∈ [30, 70] for recoil and F ∈ [2, 12] for TOF spec-
troscopy), a Poisson log-link, and a regularization strength
λGAM ∈ [10−1, 103]. Both the number of basis functions
F and the regularization parameter λGAM were selected
through hyperparameter tuning. The learned spectral tem-
plates, together with the underlying calibration data, are
shown in Fig. 7 for recoil and TOF spectroscopy.

As discussed in Sec. III, the source position and source
casing were deliberately varied between the template gen-
eration and identification experiments to demonstrate the
robustness and generalization capability of the derived
templates. To avoid any significant bias in the retrieval of
the source set between the templates and the experimental
data, we restricted the energy bands used for identification
to 0.1–3.5 MeVee for recoil spectroscopy (bin width 
E =
0.05 MeVee, N = 68 channels) and 2–10 MeV for TOF
spectroscopy (bin width 
E = 0.1 MeV, N = 80 chan-
nels). A sensitivity study confirmed that the identification
results are stable under 10 keV variations of these band
limits (see Supplemental Material [39]).
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