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fields around tokamaks, play a central role ng the
radiation harm te the staff and the ambient diagnestics for
the normal operation of a tokamak. Several unfolding methods
have been proposed for des g neutron spectra from Bonner
sphere spectrometer (BSS) counts. However, the main challenge
in addressing this problem lies in the extreme sensitivity of
the final solution to measurement data. The Bayesian newral
network (BNN). which integrates knowledge-driven and data-
driven merits, Is suggested here to unfold the neutron spectra
with a wide energy range and complex structure in the tokamak
environment. In this study, a Monte Carlo model of Experimental
Advanced Superconducting Tokamak (EAST) is constructed to
generate the neutron spectra. The corresponding counts of
BSS are also obtained using the experiment-evaluated response
functions. These neutron spectra and BSS counts were used to
train the BNN which could well predict the neutron spectra
and their derived quantities, even when uncertainties of the
BSS response functions are considered in the unfolding process.
The comparison reveals that the BNNs outperform the other
sting methods in terms of spectrum accuracy and robustness.
Furthermore, verified by the BSS counts from two exposed
positions collected during the EAST operations, this approach
significantly enhances our ability to measure neutron energy
spectra accurately,
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I INTRODUCTION

N TOKAMAK fusion devices like Experimental Advanced

Superconducting Tokamak (EAST), neutron spectra, which
are usually described as the energy distribution of fluence of
the neutrons produced by fusion reactions, are particularly
important as they are the input parameters for evaluating the
radiation harm to staff and diagnostics, which are the essential
issues for the normal operation of fusion devices [1], [2], [3].
In deuterium plasmas, these neutrons, primarily 245 MeV,
interact with the tokamak structure and the surrounding envi-
ronment in the EAST experimental hall, generating continuous
neutron spectra that range from thermal energies to above
2.45 MeV. Significant efforts have been devoted 10 measuring
the neutron spectra in fusion environments in order to bench-
mark the Monte Carlo simulation results, which might not be
reliable due to the difficulties in the adequate description of the
geometry and material components of numerical components
of a tokamak and its surrounding equipment [2]. [4]. [5]. The
Bonner sphere spectrometer (BSS) has a wide energy neutron
response in the thermal-to- ~MeV/GeV range. making it a
good choice for the characterization of the neutron spectra
around tokamaks. At EAST. two BSSs both, respectively,
emploeying a *He proportional counter and a Diamond detector
as the thermal neutron sensors have been developed for the
neutron spectra measurement when the EAST works in low
and high power operation 2], [5].

However, deriving accurate newtron spectra from BSS detec-
Tor count rates presents a formidable challenge, This process,
known as spectrum unfolding, is an ill-posed inverse prob-
lem [6]. The number of detectors (typically around 10) is
significantly less than the number of energy bins required
w0 adequately describe the wide-energy neutron spectrum.
Consequently, the unfolding results are extremely sensitive

o mmnr chnn"ex in the data, nonunique, and subject to

. Various hes have been devel-
oped to address the r:kullenge of neutron spectrum unfolding,
which roughly fall into three categories: numerical analysis,

intelligent heuristic, and neural network methods.

Numerical analysis approaches have specific and clear
g the most mature meth-
ods in this field. The predominant unfolding program is
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the UMG developed by the Ph Bunde-
sanstalt (PTB), mcludmg GRAVEL and MAXED codes [7]
The good applicability of these codes has heen widely verified
for a long time [8]. They can produce reasonably good
solutions provided the user chooses the appropriate initial
spectrum. However, numerous sensitivity analyses of the codes
have illustrated that it may also lead to inaccurate solutions if
a priori information is diminished or if nonrealistic information
is fed [9]

The second is the intelligent heuristic approach proposed
by Freeman et al. [10], which performs well without spectral
initialization. However, the occurrence of large oscillations in
the unfolded spectra is not so easily resolved as it is still a
challenge 10 design the appropriate spectrum-specific fitness
functions or to set the suitable additional constraints [11].
Moreover, these two categories of methods generally neces-
sitate iteration so they require users to have adequate
experience with the code to manage input parameters and set
appropriate stopping criteria effectively. This could he quite
restrictive

The third category. neural network methods, belongs to the
data-driven techniques and are often referred o as closed
box models. These methods rely solely on the counts as
the input for prediction and can rapidly yield solutions [12].
However, the standard neural networks that only provide point
estimates are demonsirated 1o be sensitive to training data,
methodologies, and network architectures and are prone to
overfitting issues [13]. In addition, they require sufficient
data to train the model. Ortiz-Rodriguez et al. [14] revealed
that neural networks with limited datasets suffer from sharp
declines in generalization performance, potentially yielding
wrong solutions. These limitations greatly restrict the appli-
cahility of this method.

The methods above are unable to effectively use the uncer-
tainties inherent in the measurement process from the
measurement data, This aspect is crucial for the BSS as the
response functions often incorporate uncertainties in prac-
tical applications [15], [16]. In this respect, this article
proposes an integration of knowledge-driven and data-driven
strategies. the Bayesian neural network (BNN) method, for
spectrum unfolding. The BNN's significant strength lies in
its ability to handle n and small sample data, more
importantly to resolve aversed regression problems with
uncertainty quantifications [17]. [18] as the parameters are
introduced into a probability distribution [19], [20], [21], [22],
therehy cffectively ing posed by in daia that
the above methods struggle to resolve [23]. These benefits
have spurred our interest in applying BNNs to neutron spectra
unfolding.

In this study, we demonstrate the capability of BNN for
unfolding the BSS counts to derive the neutron specira around
a magnetic confinement fusion device when the BNN is
trained only using the simulated neutron spectrum data which
contain the characteristic structures of real neutron spectra,
Initially, we developed an EAST Monte Carlo model to
generate the required datasets and 1o achieve training BNNs
through the elaborately designed structure. Subsequently,
we evaluated the performance of the BNNs under conditions of
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hoth ideal and with uncertainties response functions and com-
pared it with existing methods, including back-propagation
neural network, genetic algorithm, and GRAVEL. Finally,
we validated the reliability and benefits of the BNNs in
practical applications by utilizing experimental data.

The main contributions of this article are as follows.

1) A method based on BNN has been developed for unfold-
ing the neutron spectrum from BSS measurement data.
The uncertainty of data is fully considered, resulting in
a more efficient and reliable prediction
The experimental validation of the BNN method using
data from the EAST confirms its practical applicability
and reliahility for unfolding neutron spectra in the mag-
netic confinement fusion environment. This provides a
fresh idea for improving the accuracy of the neutron
spectrum unfolding in the other radiation fields.

The article is structured as follows. In Section 1L
detector, the BNN model design, and data sources are pm-
sented. Section 111 the simulated and experi
results, comparing the BNN method with traditional unfolding
techniques, Section IV concludes with key findings and future
research directions.

1. METHOD

A. Bonner Sphere Spectrometer

The BSS employs an SP9-type *He proportional counter
provided by Centronic, U.K. [24]. The *He gas pressure,
evaluated in the reference thermal neutron field [25] of the
National Institute of Metrology, China, is 600 kPa, 13.9%
lower than the nominal value. The sizes of the nine spherical
moderators range from 2.5 to 12 in, with mass densities
between (.94 and 0.96 glfem®. More detailed parameters of
the BSS model are tharoughly described in [15]. A tatal of
600 responses to monoenergetic neutrons were calculated using
the MCNP6 code [26] with the combination of the F4 and FM4
tally cards. This includes the values at 21 energies from 1E-9
to 1E-2 MeV by 3 energies per decade, 33 energies from IE-
2 ta 20 MeV by 10 energies per decade, and 6 experimental
energies. A disk source with a diameter of 50 cm was defined
to ensure full coverage of the largest Bonner sphere, which
has a maximum moderator diameter of 12 in (30.48 cm).
Each simulation involved 10% source neutrons to ensure sta-
tistical errors remained helow 1%. Experimental evaluation of
response functions was conducted in the neatron hall at Peking
University, using the six monoenergetic neutron sources with
energies of 0.144, 0.565. 1.2, 2.5, 5.0, and 14.0 MeV [16].

The response uncertainty of the BSS is awributed to the
deviations from the real values for the *He gas pressure of the
counter, moderator densit gap between the spherical
moderator and the counter. In this study, we considered vari-
ations of 415% in *He pressure, +2% in moderator density,
and an upper limit of 1.5 mm air gap variations [16]. Further-
more, statistical and experimental uncertainties associated with
response calibration were also taken into account. A detailed
analysis of the comprehensive influence of these factors on the
response functions is presented in Section 111-C.
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B. BNN Madel
The BNN method performs posterior infe by
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TABLE |
STEPS FOR DESIGNING THE BNN

probability distributions to neuron weight and bias

Sirp. Dcsign Chwies

in a feed-forward neural network |26], defined as follows:

fle, ) =a+ Zb mnh(r, - ):dux,) ()

=l
where & = {a, b, ;. ;] are the parameters of the model,
[, ¢;] are the biases, and [, d,, | are the weights.

The inputs of the network are given by x, =
(A o R ;). which denotes the count of each sphere
in the BSS. Since the choice of the activation function has
in general a minor impact on the performance of a BNN,
we assume a typically sigmoid, and the used tanh activation
function, is defined as follows:

expir) — exp(=1)

tanh(r) = o
expit) +exp(—f}

2)
The network predicts the fluence in each energy bin of
neutron spectra, represented by a set of vectors fix, #) =
{91, 20 oo @ale
The likelihood function p(D]#) as a key hyperparameter
and the objective function x° are given by the following
equation:

p(DI#) = exp(—x7/2)
¥
=Y [e - fm. 0 /apl )
7

Equation (3} represents the cost function of the model whirh
is set to be a Gaussian distribution, where = (x],
denotes the sample data. Ny is the sample size :md Ag;
the corresponding noise level which is related to
observables. The Ag; in the likelihood function is
key hyperparameter. By the requirement that the
standard deviation of the observation error is nonnegative,
Ay is taken 10 be a half-normal distribution, rather than a
fixed value in this work, allowing for introducing additional
source of randomness and reducing model-dependent effects.
The posterior distribution of the BNN can be obtained by
appropriately generalizing Bayes' theorem

piD,y|D,.8)pie)

denotes
specific
another

P 1T RO A 12 ) o8
02 L p(D,1D.. ) pi8')de’
Bayesian Posterior
o p(DyD., 0) pl8) 4)
—_———
Likelilwod Prior

where p() is artificially given a priori probability to network
training, and the denominator term, also known as evidence,
is the marginal distribution of the data, which is usually
omitted as a normalization constant. Here, p(f) is set to be
a normal distribution, This treatment is routine, and helps to
introduce a source of randomness in the training stage.
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is employed for approximate computation. For a given new
input x*, the probability ribution of the predicted output
di rmuncn can be represented by the following equation:

plya®, D) =]p{_r‘l;’,r:‘me\D)rRl (5)

After sampling the posterior distribution, the predictive
distribution for unobserved data is obtained through (5), which
involves analytically intractable integrals. Therefore, Monte
Carlo sampling methods are typically used for approximation
by averaging over N, samples from the posterior distribution
for a given new input x;

N
= E[p(»*|x*. D)] =Lz e 8)). (&)
=1

In this work. due to the relatively limited amount of data,
a significant consideration is the principle of statistical parsi-
mony as a means of enhancing robustness. Consequently, only
a single hidden layer has been considered in order 10 minimize
the number of parameters that need to be estimated. The basic
design steps for a BNN are outlined in Table I.

Here, the number of neurons in the hidden layer, the burn-
in period, and the number of samples are treated as three
key hyperparameters. The specific choice of the number of
neurons is thoroughly analyzed in Section I-A. To guarantee
the convergence of the Markov chain and the accuracy of the
inferred posterior dis tion, hoth the burmn-in and sample
sizes are set to 2000 in this study. The structure of the BNN
model is shown in Fig. 1.

C. Tiaining Dataset

A high-quality datasct is essential for training madels. The
TAEA (2001) report [27] only offers four fusion neutron
spectra, which is insufficient for a comprehensive training set.
To address this limitation, this study uses the MCNP code
to caleulate neutron spectra at different locations around the
EAST hall, expanding the dataset. A model of the 45° sector
of the EAST [5] was created, as shown in Fig, 2. This model’s
dimensions were derived from engineering documentation.
It uses a mirror reflection design on the boundary to improve

Due 10 the complexity of model and
caleulating the posterior probability directly can be challeng-
ing, especially with high-dimensional integrals. To address
this issue, the Markov chain Monte Carlo (MCMC) method

statistics efficiency and conserve computational resources. The
mput file of MCNP includes over 150 cells and more than
250 surfaces and contains all key parts of the tokamak, such as
the superconducting toroidal field and poloidal field systems,

Authorized licensed use imied to: NANJING UNIVERSITY OF AERONAUTICS AND ASTROMAUTIGS. Downloaded on April 11,2025 at 04:14:48 UTG from IEEE Xplore. Resirictions apply.



107208

Owiput Layer

i
ool disarbesiun

i
wormal distibutices

Fig. . Schematic for the BNN model with a single hidden layer used
for neutron spectrum unfolding. The nput layer consists of ten features,
comesponding to the counts from ten detectors (€}, C1..... €1q). Each
lyer's weights and biases follow normal distributions, as indicated. The
output layer provides the neutron spectrum at 47 discrete encrgy positions
@1 @2e e s

Fig. 2. Horizontal and vertical cross-sectional view of EAST al {a) vertical
and (b equatorial planes, respectively, obtained with MCNP (not to scale)
The type of materials is indicated with different colors, Red dots indicate
the locations corresponding 1 the six energy spectra used 1o validate the
perfommance of the inverse methed, as described in detail in Section 11-B.

vacuum vessel, central solenoid, first wall, divertor, cryostat
supports, ports, and experimental hall. In this model, the
neutron source is approximated by monoenergetic neutrons
(2.45 MeV), uniformly distributed within the plasma region
inside the vacuum vessel. The 14 MeV neutrons produced
from the secondary reaction of D(T,n) *He are reasonably
disregarded due to their negligible contribution {<1%) to the
overall neutron yield.

The neutron spectra in the MCNP model are divided into
47 energy bins, spanning 1E-9 1o 3.16 MeV. with the same
cnergy binning criterion as the response function. Neutron
spectra were caleulated using the F5 tally card of MCNP6G at
various positions represented with shaded regions in Fi
At each position, 10° source neutrons were used for each simu-
lation to ensure statistical accuracy lower than 1%. To increase
spectral diversity, rectangular cells simulating actual auxil-
fary systems (e.g., NBIs) were added to the original model,
Multiple MCNP input files were generated by altering the
model in this manner. For each input file, neutron spectra
were calculated at an average of approximately 90 different
positions, resulting in a total of 648 distinct spectra. This forms

[EEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 74, 2025

a dataset with dimensions of (47. 648). which serves as the
output dataset for the BNN model.

Convoluting the well-calibrated response functions with
cach simulated neutron spectrum yields the corresponding
count of each Bonner sphere using the formula below

"
Cij=2 RuEwi(E). j=1.2
=1

(k3]

where €, is the count of the jth sphere. R (E) is the response
of the jth sphere 1o the ith neutron energy point, and @ (E)
is the fluence in the ith neutron energy point.

This computation yielded (10, 648) array, serving as the
input dataset for the BNN model.

D. Processing of Simulated Data

Ta prevent the model from favoring certain simulations,
input and output data were scaled to a uniform range. For
input (BSS counts), Z-score standardization was applied to
achieve a mean of zero (yc) and unil variance (o)

(8)

where C; represents the raw data, g and o are the mean and
standard deviation of the sample set, respectively. €, indicates
the standardlized value

For output (neutron spectra), two steps were applied: First,
a logarithmic transformation was used to maintain nonnega-
tivity and address multicollinearity. In order to guarantee the
correct definition of the logarithmic processing, it is essential
to set the Aux to a minimal value of 1E-16 if the flux is 0.
Therefore, the transformation applied is given by the following
equation:

@) = logg(max (g, 107")). )

Iy, min-max nor wis il d o
scale the transformed spectra 1o a specified range by the
following equation;

S, (10
O s — )
where w; represents the raw data, g, and g, are the
maximum and minimum datas. @ indicates the normalized
value,

The neutron spectrum predictions
then as follows:

th BNN approaches are

10" (1

where " represents the inversely normalized prediction
from (11).

@i

I RESULTS AND DISCUSSION
A. Oprimization of the BNN Structire
The number of parameters in a BNN is key w the
model's performance. To identify the optimal network struc-
ture, we evaluate different architectures and training strategies
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i

Fig. 3. Performance metrics of varions BNN models with different archi-
tectures and training strategics. The matio of training: validation: test datascts
is il The horizontal asis denotes the number of neurons in the IInNen
layer, with “A” indicating data and “R”

on 648 condition data, The training set was divided into
a 70% training set for model training, a 15% validation
set for model validation, and a 15% testing set for model
testing. All the results were obtained using NumPyro on a
CPU-based JAX platform [28]. The chi-square value x3 =
3l — Fx)P/NL (x107"%) and training time were selected
as the primary evaluation metrics 1o derive the optimized
BNN structure. By impl ing a data and

17z

Fig. 4. Comparison of ncutron spectra obtuined through BNN, BPNN, GA,
and GRAVEL methods at six distinet spatial positions, using ideal response
functions of the BSS.

The GA method can reproduce in general the main structures
of the spectra. However, significant oscillations around the true
spectra occurred, especially at 0.1 MeV and within the thermal
peak region.

To quantitatively assess the unfolding results, we employed
the following criteria, namely, the rool mean square error
(RMSE) between the unfolded and true spectra, the relative
d of three key parameters: total fluence rate ¢, average

a resampling strategy, we p d the ive results
against the standard model in Fig. 3. It was indicated that
more complex models are prone to local optima in the standard
maodel. Furthermore, introducing a 5%—20% random error into
the training set notably improved the training outcomes (except
for BNN-35-A). However, atempts to apply reinforcement
learning by resampling the ps that had the wp 2% of
the largest deviations in the training set three cycles did not
yield significant improvements. Contrary to expectations, this
methodology resulted in a substantial increase in computa-
tional overhead.

In light of the analysis above, the BNN-30-A model (com-
prising 30 neurons and incorporating data augmentation) was
ultimately selected as the optimal structure. This choice repre-
sents a reasonable balance between performance efficacy and
computational efficiency.

B. Unfolding of Spectra Using the Ideal Response Functions

To evaluate the efficacy of the BNN method. we initially
investigated the unfolding of an ideal response function. In this
scenario, the response function uncertainty resources were
disregarded. Six specific positions [denoted by red dots in
Fig. 2(h)] were selected for analysis. Here, the initial energy
spectra for GRAVEL were caleulated at a distance of 1 m from
the six positions.

Fig. 4tai~(f) illustrates the unfolded spectra derived from

energy E, and neutron ambient dose equivalent rate H‘(ll)).
In these quantitative criteria, RMSE directly measures the
accuracy of the result, reflecting the quality of the unfolded
spectrum; ¢ reflects the ability of the method to estimate
the neutron intensity, E evaluates the energy distribution of
spectrum, and to some extent indicates the neutron share of the
different components; and h"‘(]l]) validate the method’s reli-
ability in estimating radiation exposure risks. The calculation
formulas are as follows, and the resultant data are presented
in Fig. 5:

2 (12)

(13

(14

HY(10) = i«:.:e,; x h*(E:) (15)

i=1

Fig. 5 indicates that the GRAVEL method performed well
when employing an appropriate prior spectrum. It can be seen
that there are only slight p between the unfolding
rzsulla and the true spectrum. Specifically, a flat spectrum or

the four methods. These spectra are d by distinct
features: a deuterium-deuterium (DD} peak at 2.5 MeV, a high-
energy peak spanning 0.01~2.5 MeV, a flat region across a
wide energy range (IE-7T~0.01 MeV), and a thermal peak
within the energy range of 1E-9~1E-7 MeV. Overall, the
unfolded spectra obtained via the BNN, BPNN, and GRAVEL
methads demonstrated good concordance with the true spectra

neutron spectra resulted in significant differences
from the true neutron spectra at positions (a) and (c), as shown
in Fig. 6. This highlights the GRAVEL method”
initial conditions, potentially limiting its practical applicability
when the spectrum information of a neutron field is not known.
In the case of the BNN method, the distribution of the six
positions in the boxplots appears to be somewhat inferior to
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Fig. 5. Quantitative comparison of unfolding methods using ideal response

functions. (a) RMSE, and relative deviations of (b) total fluence rate, (c) aver-
age energy. and (d) neutron ambicnt dose cquivalent rale H*(10). Each
boxplot shows the distribution of values across the six positions, with the box
indicating the interquanile range (IQR), the squares representing the average,
the central line representing the median, and the whiskers extending to the
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us individual points
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Fig. 7. BSS response functions calculated using MCNP. Curves with unfilled
symbols represent the ideal response functions, while those with patiemed
filling indicate the response functions under the nfuence of three combined
uncenainty factors,

from the ideal values, which lead to the difference of the
BSS counts from the ideal conditions. For this investigation,
we utilized the BNN madel previously trained on the ideal
response function dataset described in Section 111-B. However,
during the prediction phase, the uncertainty of the response
function is taken into account. Therefore, we calculated a set of
response functions incorporating a combination of maximum
i contributed from those three factors mentioned

o N
T

T R T

Nt Eeesgy i) M Erevgy i)

Fig. 6. Unfolded spectra of the GRAVEL method with varying initial energy
specira. The left column comesponds 1o position () in Fig. 2, right column
10 position (¢}, Detailed initial spectra are provided in the legend

that of the GRAVEL method. However. in relative terms, the
BNN method demonstrates good consistency concerning each
criterion. This indicates the BNNs may have the potential to
predict high-quality spectra with robust generalization abil-
ity. The BPNN method, despite exhibiting a lower RMSE,
displayed a large distribution in the other three key metrics,
reflecting poor stability. Regarding the GA method, despite the
oscillations in the unfolded spectra around the target spectra
leading 10 a higher RMSE, subsequent convolution with the
fluence-to-dose equivalent conversion coefficient in calculating
H*(10) revealed that these oscillations had minimal impact on
the reliability of dose estimation values.

€. Unfolding of Spectra Using the Response
Functions With Uncertainties

Building upon the validation using ideal response fune-
tions, we further investigated the performance of the BNN
method in the scenario when the real response functions
of the BSS used in the unfolding process have deviations

in Section II-A to obtain the BSS counts to simulate the
most challenging measurement scenarios, This “worst-case”
analysis aimed 1o evaluate the BNN methed’s capacity to
handle data with uncertainties and to determine its reliability
in practical measurements through comparison with the other
three selected methods.

Fig. 7 illustrates the resultant response function, where
solid symbols represent the ideal response functions, and
pattern-filled curves depict the discrepancy. Overall, the nine
spheres combined uncertainty ranges from 6.8% 1o 14.3%,
which was calculated using uncertainty propagation princi
ples. Considering potential additional sources of i
we estimate the maximum uncertainty of the actual response
function to be 15%.

After incorporating these uncertainties, we conducted a
n ion of the spectrum unfolding results, which are pre-
sented in Fig. 8. In this scenario, the results from the GRAVEL
method are highly influenced at positions (a) and (d) close
to the tokamak, with unreasonable peaks emerging around
0.2 MeV. Fortunately, the influence is relatively minimal at the
other positions. Despite the merit of stochastic optimization
in the GA method. its results still showed a large discrepancy
from the true spectrum. In contrast. the two neural networks
seem 1o be less influenced, as their predicted results main-
tained good concordance with the true spectrum.

Fig. 9 illustrates the performance of each methad for key
parameters. Compared to the ideal response function scenario,
all four methods exhibited different performance degradation.
In terms of average energy and ambient dose equivalent rate
H*(10) indicators, BPNN and GA methods showed significant
overestimation. The average relative deviation for BPNN's
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Fig. 6. Comparative analysis of neutron spectra obtained through BNN,
BPNN, GA, and GRAVEL unfolding methods at six positions uccounting for
the three factors uncertainties: =+15% in 'He pressure, £2% in moderator
density, and an upper limit of 1.5-mm air gap variations.

average energy and H*(10) increased from 7.3% to 27%
and from 5.9% to 17.4%, respectively, with maximum values
reaching 33.9% and 24.8%. Similarly, GA’s values increased
from 6% to 24.2% and from 2% to 19.6%, with maximum
values of 30.5% and 24.1%, respectively. For GRAVEL,
the overall results are satisfactory except for the two posi-
tions (a) and (d) resulting in larger RMSE.

Despite these challenges, the BNN method achieved the
smallest RMSE among the four methods, with a mean total
fluence rate deviation of 2%, average energy deviation of
14.7%, and H*(10) deviation of 13.7%. Considering the
maximum uncertainty of the response function, the results
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Fig. 9. Key parameiers of unfolded spectra at six positions using BNN
BPNN. G, and GRAVEL methods accounting for the ibove three uncertainty
sources. (a) RMSE. (b) total fluence deviation. (c) average energy deviation,
and {d) H*(10) deviation.
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are highly exciting. This performance can be attributed to the
capacity of BNNs to integrate uncertainty directly into the
training process by probabilising the model parameters, which
enables BNNs to more effectively address the uncertainty
inherent in the data, leading to more precise and generalizable
outcomes in terms of neutron spectrum. It is evident that
traditional methods, such as GRAVEL, GA, and BPNN, are
deficient in this regard, as they are incapable of accounting
for ies inherent in experi 1 measurements or
response functions. Consequently, these methods frequently
prove inadequate in providing reliable results when confronted
with data containing uncertainty.

D, Unfolding of Experimental Dara

To further evaluate the efficacy of the BNN method, we ana-
Iyzed experimental data collected during EAST operations,
Thesc data are presented in Fig. 10. The detailed experimental
procedure and data collection process are thoroughly described
in [5].

Fig. 114a) and ¢b) shows that the GA method failed to
reflect structural characteristics in the unfolded spectra at
both experimental positions, particularly at Position 2. The
GRAVEL method exhibited hle spectral cb

] ] 0 0 B W 2
Sphere diarmter irich)

Fig. 10, Experimental measurement results of BSS count per source neatron.

that the initial spectrum may differ significantly from the
true spectrum. Alternatively, overfitting may occur during the
operation as a result of user input. In contrast, the spectra
obtained using BNN and BPNN at both positions appeared
more reasonable. However, in Fig. 11(c) and (d), the unfolded
count rates from GA and GRAVEL showed better consistency
with experimental values, within 4%, likely due to the use of
the count rate as a constraint function in these methods. The
BPNN method showed over 15% deviation in the count ratios
for 2.5-, 10-, and 12-in spheres at Position | and 2.5-in sphere
at Position 2. suggesting the necessity for further validation
of the reliability of the predicted solution. Although the BNN
methed’s unfolded count rates were slightly less accurate, the
maximum deviations at both positions did not exceed 12% and
14%, remaining within acceptable limits

In addition, Table I displays the ﬁucnce -averaged energy
and H*(10)-mean energy at two exposed positions, showeas-
‘mg a comparison between measured and caleulated values.

istics in the high-energy region at Position 1, with a high
peak around 0.1 MeV, and flux rapidly dropping to near
zero with increasing energy, while the thermal peak shified
to the night. This phenomenon may be attributed to the fact

d values were d d using neutron spectra
chwned through four different unfolding methods using the
experimental data. The calculated values, which serve as a
reference, were extracted from the [5]. It is important to
note that the literature’s initial spectra were computed using
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Fig. 1. MNeuiron e unfolding resulls i two positions. fa) and
(b} Unfolded apecta sing fou taetods at position 1 and position 2, eipeés
tively. ic) and (d) Unfolded count rates (left axis) and ratos of unfolded 1o
experimental count rafes (right axis) for position | and position 2, respectively,
Dashed lines indicate 15% uncertainty range

TABLE Il
COMPARISON OF MEASUREMENT AND CALCULATE VALUES FOR
FLUENCE-AVERAGED ENERGY AND H(10)-AVERAGED
ENERGY AT Twa POSITIONS

Cal T
~ Position | BNN BPNN  GA GRV.©
Vil (MeV) 034 030 047 042 039
CM. (%) LIS 130 083 093
oy Vb (MeV) 084 159 043 108
CM. (%) 129 068 251 =
Foaliion 2 BPNN  GA  GRY. :
Val. (MeV) 022 015 04 02
CIM. (%) 105 092 096
Egeiygy  Val (MeV) 079 096 087
CIM. (%) 110 091 -

MCNP at the two exposure positions, while this study was
selected at a distance of | m from each one. The results in
Table 11 reveal that employing the BNN method, the derived
measurement values for average energy and H'(10)-mean
energy were lower than their corresponding calculated values
at both positions. However, the ratio between the calculated
d excellent i

and experimental values
between the two positions. Conversely, despite the ratio of’ {hc
other three methods being closer 1o 1 at Position 2, their results
at Position 1 were unsatisfactory.

TV, SUMMARY AND CONCLUSION

In this study. we demonstrate the excellent performance of
the BNN method for neutron spectrum unl'uldmg in the EAST
tokamak. Our analysis encompasses scenarios involving sim-
ulation data, which, respectively, use ideal response functions
and the response functions with unceriaintics mimicking the
real conditions, as well as experimental data. By comparing
the unfolded spectra and the derived quantities such as RMSE,
total fuence rate, average fuence energy, and H*(10), it is
observed that while the other three methods effectively predict
the neutron spectra in most instances, they remain inadequate
when considering the uncertainties of BSS response functions
In contrast, the BNN method is able to well predict the neutron
spectra in all three scenarios and appears o more accurately

[EEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL

74, 2005

represent the values of various derived quantities, which are
deemed entirely satisfactory. Experimental validation results
indicated that although the values obtained from the BNNs
slightly differed from the reference, the ratio between them
exhibiled better consistency at two exposed positions. This
variance could be due 1o the utilization of simplificd models
and ideal response functions during network training.

In conclusion, thanks to the advantages of the BNNs com-
bining k ledge-driven and data-driven merits, the unfoldi
of the neutron spectrum is no longer a purely malhemxmal
problem or a fitting pmb]em. Indeed, the B’\IN method sug-
gests that it can effici these di I caused
by uncertainties. Future wnrli will investigate the performance
of the BNN method with other radiation fields, such as those
from accelerator sources and nuclear power plant environ-
ments. In addition, we will explore incorporating a more
comprehensive treatment of uncertainties into the unfolding
process to enhance the stability and accuracy of the BNN
methed. These efforts can potentially serve the BNN method
as a reliable and efficient tool for accurately unfolding neutron
spectra in other radiation environments.
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