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a b s t r a c t

In this work, a Gaussian Process (Kriging) approach is proposed to provide efficient dose mapping for
complex radiation fields using limited number of responses. Given a few response measurements (or
simulation data points), the proposed approach can help the analyst in completing a map of the radiation
dose field with a 95% confidence interval, efficiently. Two case studies are used to validate the proposed
approach. The First case study is based on experimental dose measurements to build the dose map in a
radiation field induced by a D-D neutron generator. The second, is a simulation case study where the
proposed approach is used to mimic Monte Carlo dose predictions in the radiation field using a limited
number of MCNP simulations. Given the low computational cost of constructing Gaussian Process (GP)
models, results indicate that the GP model can reasonably map the dose in the radiation field given a
limited number of data measurements. Both case studies are performed on the nuclear engineering
radiation laboratories at the University of Sharjah.
© 2020 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction power, port conditions, and samples being irradiated. Therefore, a
Mapping the dose associated with any radiation source is vital
and important in order to remain below the acceptable dose limits.
The dose map can be generated either experimentally or compu-
tationally. Experimentally, the dose can be estimated via a network
of radiation detectors, or numerous measurements, that provide
surveillance of the dose in the field of interest. Computationally,
computerized theoretical models can simulate and approximate
the transport of the radiation through the field of interest (such as
MCNPmodeling and simulation of the radiation field). Obtaining an
accurate and precise dose mapping can be a very expensive,
computationally and financially; whether the mapping is per-
formed by simulation or measurements. In measurements, the
mapping often includes repetitive readings at multiple locations
while in simulations the mapping requires considerable computa-
tional resources and run time to decrease the error to reasonable
values.

Dynamic radiation fields are characterized with complexity,
variable source strength and changing structure. Therefore, it is
challenging to produce an accurate prediction of the dose with
confidence interval in such a field. An example of such radiation
field is that induced by a neutron generator where the radiation
levels in the vicinity can vary due to changes in the generator
. Khuwaileh), wmetwally@
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newmapping is required if the radiation levels change due to any of
these reasons.

Given the complexity of modern predictive modeling and the
high cost associated with high fidelity experimental measure-
ments, scientists and engineers are continuously pursuing de-
velopments in precise surrogate modeling and data regression as
an effective mean to render practical the repeated evaluations of
the associated physics models or experimental measurements.
Dose mapping is critical in areas with radiation sources, in order to
minimize the dose to workers and public and to abide by the limits
set by the national nuclear regulatory bodies [1] and the Interna-
tional Atomic Energy Agency [2]. This work applies a GP (Kriging)
approach to perform the required dose mapping. The methodology
and its potential are illustrated via two case studies. The first, a
measurements-based case study that utilizes a number of experi-
mental measurements to complete the mapping of the dose in the
radiation field. The second uses simulation bases dose estimates
and generates a full dose map.
1.1. Automatic dose interpolation

Automatic Interpolation is frequently linked to the field of
Geographical Information Systems (GIS) [3], metrological and at-
mospheric pollution data [4,5]. Updating the dose map and evalu-
ation the radioactivity spread during accidents and emergencies
commands the attention towards automatic and real-time tech-
niques for dose map construction and interpolation. Several
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statistical exercises have dealt with the mapping of the radioactive
dose in routine and emergency scenarios some using Bayesian
approaches [6] and others using fitting techniques [7-10]. These
studies indicated that real-time automatic interpolation of envi-
ronmental data especially in case of accidents is of vital importance.

Ref. [11] used a universal kriging fitting procedure to interpolate
and perform real -time update of the background radiation dose
received. However, the work therein did not deal with optimizing
the shape of the kernel function and other hyperparameters. In
addition, previous work dealt with interpolating the trends of
background radiation over long distances and not the dose origi-
nating from a strong radioactive source in a small space.

In this work, an optimization study will be used to determine
the optimum kernel function and kernel function hyperparameters
as outlined in sections 1.3, and 2.2. Once constructed, the model is
used to map the dose originating from a shielded D-D neutron
generator and then the predicted map is validated against experi-
mental and simulation-based measurements.
1.2. Regression methods

Regression analysis is one of the most important tools, which
makes predictive modeling useful in practical applications [12,13].
Non-Exact models in their original forms are rarely useful unless
their predictions are interpolated (or extrapolated) for the appli-
cation of interest [3].

In statistical modeling, regression is the practice of estimating the
relationships among the parameters of interest (PoI) and the Re-
sponses of Interest (RoI). A plethora of regression techniques have
been and are being in use in various engineering fields. Regression is
often seen as a tool to interpolate or extrapolate the predictions of
computational models or experimental measurements. Regression
models often include three parameters: the unknown variables (b),
independent variables (X) and dependent variables (Y):

Y ¼ f ðX; bÞ (1)

Different regression techniques assume different forms of the
function f (Eq. 1) and therefore attempt to find the best set of un-
known variables (b) that minimize the disagreement between the
assumed functional form (~f ) predictions (~Y) and the actual
dependent variable observations Y. The minimization term varies
from one regression technique to another (regression can be cate-
gorized into linear and non-linear regression) [14-16].

For large data or large-scale problems, various data reduction
techniques can be applied such as the Reduced Order Modeling
(ROM). ROM reduces the effective dimensionality of the variables
associated with the various physics models, including physics input
parameters, state functions, and responses of interest [17-20]. The
reduced dimensions are determined such that the resulting
reduction errors (difference between the respective variable's
variation in the original space and those reconstructed from the
reduced dimensions) meet pre-defined error tolerance limits with
an overwhelmingly high probability [18]. Mathematically, the
reduced dimensions are described by an active subspace, whose
dimension is considerably smaller than the dimension of the
original full space. To construct the active subspace, most ROM
algorithms require the repeated execution of the forward model; a
process that could be computationally taxing especially for com-
plex systems, such as nuclear reactor calculations.

In this work, the GP technique is used to produce precise dose
mapping using minimal number of response measurements. The
sections below discuss the experimental work, a GP methodology,
and error analysis.
1.3. GP regression modeling

Like other regression techniques, a GP regression model helps
map a data-based relationship between the independent parame-
ters and the responses (dependent parameters). However, a GP
regression model is a statistical non-parametric and kernel-based
method. Therefore, the relationship between the responses (r)
and the independent parameters (x) is characterized by a latent
variable set (f(x)), an explicit basis function (4ðxÞ), and a set of
unknown parameters to be determined through the data (b):

r¼4ðxÞTbþ f ðxÞ (2)

Consider the training set fðxi; riÞ; i¼ 1;2; :::;ng, drawn from an
unknown distribution. A GP model addresses the question of pre-
dicting the value of a response variable rnew given the new input
vector xnew and the training data.

The latent function f ðxÞ represents the statistical nature of the GP
model. f ðxÞ depends on a choice of the covariance kernel function
kðx; x0Þ which gives the analyst the freedom to choose the adequate
statistical distribution that resembles the covariance structure.Onthe
other hand, 4ðxÞ is a basis function that its sole role is to project the
independentparameter's (i.e. x) fromtheiroriginal space inRn into an
active subspace inRd, where d≪ n. The importance of 4ðxÞ increases
as the dimension of the independent parameter space goes up (i.e. n
becomes huge). In such scenario, projecting the actual space into a
smaller yet representative space will make the problem more
computationally efficient. Finally, the coefficient vector b is a d� 1
vector containing the coefficient for the corresponding basis function
in4ðxÞ. Note that4ðxÞ captures the shape of the relationship between
the response r and the independent parameters xwhile f(x) captures
the statistical nature of this relationship. For more details on the
Kriging-GP Regression, the reader is referred to Ref. [21]. A case study
considering the gamma dose from a D-D neutron generator will be
considered in this work. The GP approach depends on constructing a
surrogate model that can be used to interpolate and extrapolate the
data of interest. Such approach, can be used to map the dose in dy-
namic radiationfield. That is if themeasurements atfixed stations are
change the proposed approach can construct the dose map for the
field automatically. GP models can provide the analysts with best
estimates at any spatial pointwith confidence intervals. Therefore, GP
models can directly capture the uncertainties associated with the
model's predictions. Moreover, with GP models the analyst is able to
add prior knowledge and specifications about the shape of themodel
by selecting distinct kernel functions. Finally, given themodern high-
performance computational capabilities constructing and optimizing
GP models is a reasonably solvable problem.
2. Methodology & experiments

2.1. Radiation field and lab environment

The radiation field in question is that in the nuclear engineering
laboratories within the University of Sharjah Central Laboratories.
Fig. 1 below is a representation of the floor plan and relative position
of relevant parts of the nuclear labs within the Central Laboratories.
Two nuclear engineering Laboratories are available with a Neutron
Generator's (NG) room centered in between. The goal of the up-
coming case study is to estimate the overall dose in labs I and II due to
the presence and operation of the neutron generator in the NG room
(refer to Fig. 1).

The neutron generator in question is a Deuterium-Deuterium
(D-D) neutron generator (DD-109.4 M) from Adelphi Technology.
The neutron generator uses the D-D fusion reaction to produce fast
neutrons with a maximum flux of 6:186 � 107 n

cm2:s and an energy



Fig. 1. Nuclear engineering labs and the Neutron Generator's room (NG).

B.A. Khuwaileh, W.A. Metwally / Nuclear Engineering and Technology 52 (2020) 1807e1816 1809
of 2.45 MeV [22]. In addition, thermal neutrons can be obtained
withmaximum flux of 2:960 � 106 n

cm2:s by adding a High-Density
Polyethylene (HDPE) moderator [20]. The neutron generator is
driven by an ion beam supplied by a microwave ion source and
yields up to 5x 109ns fast neutrons.

Fig. 2 illustrates the setup of the used neutron generator. The
DD109.4 M neutron generator is equipped with shielding and
moderator layers. The shielding consists of two levels of indepen-
dent sub layers. The high-density polyethylene (HDPE) on the
outside can be lifted out to reveal the internal shielding box which
is made of a series of layers of borated polyethylene (BPE) that is
coated by lead layers to reduce gamma dose. The neutron generator
is used in many applications such as neutron radiography and
neutron activation analysis (NAA).

Both photon and neutron doses produced by operating the
neutron generator were measured experimentally, in addition to
an independent MCNP Simulation, to determine the safe exclu-
sion zone around the generator during its operation. Only the
photon dose is of importance outside the neutron generator
room. In order to perform the experimental measurements of the
photon dose, the Canberra Radiagem™ 2000 Portable Survey
Meter was used. This survey meter includes an energy compen-
sated Geiger-Müller counter, which has a sensitivity of 0.83 c/s
per mSv/h (137Cs), and a measurement range of 0.01e100 mSv/h.
The Radiagem2000 survey meter was fixed on a support stand at
the required horizontal and vertical distance and a 30 s time was
allowed for each reading. Reading were taken at different loca-
tions in the two labs [23].
Fig. 2. Illustration of the DD109.4 M neutron generator [22,23].
2.2. Building the GP model

To build and validate a GP Regression model, two sets of data
should be collected; a Construction Data set (CD) and a Validation
Data set (VD). The CD is used to build the GP model while the VD is
used to evaluate the prediction of the GP model compared to the
measured data (or high fidelity simulations). To build the GP model
the MATLAB 2018b fitrgp module is employed [21,24]. A square
exponential kernel function is used as initial guess for the kernel
function with automatically optimized hyperparameters including
the form of the kernel function itself. The GP model is constructed
and the model hyperparameters are optimized such that the data
are best fitted and the cross-validation term is minimized:

Objective Function ðOFÞ¼ logð1þ cross validation loss termÞ
(3)

The choice of the kernel function usually depends on the
physical nature of the problem. However, in this case study a range
of kernel functions are used to minimize the OF value. The forms of
the kernel function examined are the exponential, squared-expo-
nential, matern32, matern52, rational-quadratic, ard-exponential,
ard-squared-exponential, ard-matern32, ard-matern52, ard-rational-
quadratic. Ref. [21] includes sufficient details on the mathematical
forms and uses of these kernel functions. The scope of this paper is
to evaluate the Kriging approach for interpolation extrapolation of
dose maps in radiation fields. Therefore, the optimization is per-
formed via the reliable and well-developed automatic optimization
feature available within the fitrgp MATLAB function utilizing
bayesopt optimizer [25]. However, various other scalable tools are
available as well [26].

Once determined the optimum kernel can be used in Eq. (2) to
determine the model parameters that best fit the CD set (b vector
in Eq. (2)). Optimizing the GP model also includes the Kernel
Function Scale (describes the smoothness of the kernel function),
and the kernel function parameter (signal's standard deviation).

3. Results and analysis

3.1. Experimental case study

3.1.1. Experimental measurements
In this section, the process elaborated in previous section is used

to map the dose in the area indicated in section 2.1. Fig. 3 below
shows the laboratories floor plan along with their dimensions.
Moreover, the figure indicates the location of the actual measure-
ments taken at 3 vertical levels (z ¼ 0.5 m, 1.0 m and 1.5 m) and
within 3 different regions (A,B, and C). Table 1 through Table 3
report the dose measurements at the points shown in Fig. 3 and
at the 3 vertical levels (z¼ 0.5 m,1.0 m,1.5 m) [23]. The tables below
report the measurement value and uncertainty at each point in the
map revealed in Fig. 3. Note that the darkened cells in the tables
refer to points with no measurement. This is due to the existence of
many objects within the lab area and that it is very hard to obtain
the measurements with a uniform and consistent mesh in all di-
rections. For more details on the measurements consult ref. [23].

3.1.2. Building the surrogate GP response model
A few of these points where used as the CD set points (Region A:

1,2,3,7,8,9 with z¼ 0.5,1.0m | Region B: 1,8,9,16,3,6,11,14 z¼ 0.5,1.0 |
Region C: 1,2,5,6 z¼ 0.5,1.0). The data in the CD set was chosen such
that there is a room for sufficient interpolation and extrapolation
via the VD set. For example, in region A, points 1,2, and 3 span the
innermost layer while points 7,8 and 9 resemble the 3rd layer
leaving points 4,5,6 for interpolation test and 10,11 for



Fig. 3. Regions A, B and C and the dose measurements coordinates in the lab area.
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extrapolation test.
The VD set points include (Region A: 4,5,6,10,11 with

z¼ 0.5,1.0,1.5m& points 1,2,3,7,8,9 with z¼ 1.5m | Region B: points
2,4,5,7,10,12, 13,15 with z ¼ 0.5,1.0,1.5 & points 1,8,9,16,3,6,11,14
with z ¼ 1.5 m | Region C: points 3,4,7,8 with z ¼ 0.5,1.0, 1.5 m &
points 1,2,5,6 z ¼ 1.5 m). Note that this excludes any of the dark-
ened cells in Table 1 through Table 3.

In order to construct the GP model, the optimization feature
employed in fitrgp MATLAB function is used as described in section
2.2 to determine the kernel function and the other hyper-
parameters. The optimum hyperparameters set that minimize five-
fold cross-validation loss term (Eq. (3) by is found using automatic
hyperparameter optimization. A squared exponential kernel func-
tion of the following form (Eq. 4) was found to be optimum which
indicates the exponential variation of the dose as a function of
space:

k
�
xi; xjjq

�¼ s2f e
�1

2
ðxi�xjÞTðxi�xjÞ

s2
l (4)

where sf ¼ eqð1Þ and sl ¼ eqð2Þ. The Kernel function parameters, sf ;
sl , Kernel Scale, were optimized with a maximum of 300 objective
function evaluations. The objective function converged to its min-
imum value with 114 objective function (Eq. (3) evaluations only.
Table 4 summarizes the optimized parameter set. Fig. 4, represents
the value of the objective function for each function evaluation
while Fig. 5 represents the value of sf and kernel scale (sl). The
evaluated hyperparameters and kernel function shape are
Table 1
Region “A” Dose measurements (mSv/h).1
computed such that the objective function in Eq. (3) is minimized.

3.1.3. Validating the GP response model
Using the GP model constructed in the previous section, the

dose was mapped on the area of interest. Fig. 6 below shows the
dosemapping for the lab areawithin {(xi;yi), xi ¼ �4m; ::;4m | yi ¼
�4m; ::;4m | z ¼ 0:5m } while Fig. 7 and Fig. 8 show the dose
mapping for elevations z ¼ 1:0m and z ¼ 1:5 m, respectively. Note
that the each figure covers the 3 regions mentioned in section 3.1.1
(A,B,C). Given the GP model in hand, the dose in the whole area is
mapped and values corresponding the VD set are compared. Table 5
compares the actual measurements used for validation, the GP best
estimate predictions and the upper limit of the 95% confidence
interval. The “GP Best Estimate” column in Table 5 is the value
predicted by the interpolated/extrapolated GP map (Figs. 6e8). The
“Actual Measurement” column is the measured values reported in
Table 1, Table 2, Table 3. Examining the relative error column in-
dicates that the maximum discrepancy between the GP best esti-
mate dose and that of the measurements occurs at the 1.5 m level
[z-axis]. Refereeing to section 3.1.2, the data at this level were not
used in the GP model construction process, making them outside
the active region of the surrogate model. Moreover, GPmodels tend
to become fuzzier in their predictions as the prediction point moves
far from the data boundaries (i.e. extrapolation) [27].

The GP model provides a best estimate prediction, and the
corresponding standard deviation (Fig. 9, Fig. 10, and Fig. 11 below).
Note that the standard deviation is small near the actual mea-
surement points while a significant growth in the standard devia-
tion is noticed as the model moves far from the measurements



Table 2
Region “B” Dose measurements (mSv/h).2

Table 3
Region “C” Dose measurements (mSv/h).3

Table 4
Optimized parameters values.

GP Model Parameter Value

Kernel Function squared exponential
Kernel Scale (sl) 0.9103
sf 0.2001
Observed objective function value 1.3588
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point. As the coordinate moves away from the NG room the stan-
dard deviation increases and the dose approaches small and
negligible values. Therefore, as expected, the GP model results will
be highly uncertain far from the measurement domain. However,
examining the upper bound of the 95% confidence interval, the
upper bound (Table 5) is always above the actual measurement
values giving the analyst a mean to put an upper bound on the dose
estimate at any point within the domain with the 95% confidence
interval.

3.2. MCNP simulation case study

The neutron generator room and its vicinity weremodelled with
the general purpose MCNP -5.1.4 transport code with ENDF-VII
cross-sectional data [28]. The model assumed a V-shaped target
emitting monoenergetic neutrons of 2.45 MeV energy and the
distributed neutron source on the target. The model accounted for
the main components of the generator such as the neutron source,
HDPE, BPE, lead, aluminum and the 3 neutron ports. Fig. 12 shows
the geometrical configuration of the generator used in this study.

The MCNPmodel ran in n,p mode and a total of 600 million neu-
tronswere simulated. A fluxmesh tally was used tomap the photons
in thegenerator roomand its surroundingvicinity. Thefluxmesh tally
was modified by flux to dose conversion factors for isotropic di-
rections of incidence and multipliers to convert the flux to dose in
units of mSv/h. In order to obtain a fine mapping of the photon dose,
the mesh tally element size was set to a uniform 10 cm cube.

3.2.1. Constructing the GP response model
TheMCNPmodel simulated the gamma dose at 5 different levels

(z-axis) [-50 cm, �30 cm, 0 cm, 30 cm, 50 cm]. The 0 cm reference
level is the level of the neutron generator's tube where the neu-
trons are actually generated (refer to Figs. 2 and 12). In order to test
the GP mapping process 3 of the 5 z-axis levels are used [z ¼ �50
cm, 0 cm, 50 cm] with x, y domain range fðxi; yiÞ; i¼ 0m; ::;5mg
with a mesh size of 10 cm (i.e. construction data set-CD set). Figs.
13-15, resemble the gamma dose maps for this construction data
set domain. The remaining of the domain (fðxi; yiÞ; i¼ 5m; ::;6mg
and z ¼ �30 cm, 30 cm) is left for the verification study to be
presented in the coming subsection (i.e. VD set).

Similar to the previous cases study, the five-fold cross-validation
loss term (Eq. (3)) was minimized via fitrgp automatic hyper-
parameter optimization feature. The fitrgp optimization results
indicated similar results to the previous case study with a squared
exponential kernel function and hyperparameters summarized in
Table 6.
3.2.2. Verifying the GP model against MCNP predictions
Figs. 16-18 illustrate the GP predicted dose map at the 3 levels (2

verification levels at z ¼ �30, 30 cm and the reference level
z ¼ 0 cm) used in the verification of the GP against the MCNP
predictions, while Figs. 19-21 represent the absolute relative error
in the GP predictions at the three verification levels (z ¼ 30,-30).



Fig. 4. Minimum objective function vs. Functions evaluation.

Fig. 5. Objective function vs. optimization parameters.

Fig. 6. Dose Map in the area of interest, z ¼ 0.5.

Fig. 7. Dose Map in the area of interest, z ¼ 1.0 m.

Fig. 8. Dose Map in the area of interest, z ¼ 1.5 m.
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Note that the error increases as the mapping moves away from the
construction set, however, the gamma dose decreases making the
GP predictions less significant as we extend the domain more and
more. Moreover, the relative error at the 0 cm level is relatively
small due to the fact that this level was used in the construction of
the GP model and therefore, the error therein is confined by the
measurement uncertainty only.

Note that the MCNP run utilized in this study used 1.2�109 his-
tories to ensure that the error in the results in significantly small. The
total run time was approximately 82 h. The run time is of course
dependent on the complexity of the problem and the computer
processor used. However, the run time are generally long to get
precise results. Utilizing the approach suggested in this study will
alleviate from performing additional MCNP runs to obtain the dose
mapping in different conditions. One the other hand, running the GP
model construction MATLAB algorithm takes few seconds on a
Windows 7 PC machine, 64 bits and 16 RAM, 2.5 GHz Intel Core i5.

4. Summary and conclusions

In this work a GP (Kriging) approach was examined for the pur-
pose of dosemapping in complex radiation fields. The GPmodel was
constructed via a set of experimental measurements and used to
map the overall dose in a lab area containing a D-D neutron gener-
ator. Moreover, a MCNP based case study was used to illustrate the
possibility of using a GP (Kriging) approach to interpolate and
extrapolate the predictions of the MCNP model.

The validation case studies indicated that the measured gamma
dose fall within the 95% confidence interval of the Kriging
epredicted dose best estimate with the upper bound being well



Table 5
Validation data (VD) set comparison.

Index Actual Measurement
(mSv/hr)

GP Best Estimate
(mSv/hr)

Relative Error (%) GP Surrogate 95% Confidence
Interval Upper Limit (mSv/hr)

x y z

0.04 3.4 0.5 2.67 2.81 �5.24% 4.78
1.5 1.44 0.5 7.27 7.5 �3.16% 8.77
1.5 3.4 0.5 2.35 2.54 �8.09% 4.02
1.5 4.4 0.5 1.23 1.25 �1.63% 3.62
3 1.44 0.5 2.84 2.71 4.58% 3.19
3 2.4 0.5 2.67 2.5 6.37% 3.91
3 3.4 0.5 1.95 2.15 �10.26% 2.96
3 4.4 0.5 1.11 1.16 �4.50% 2.99
1.5 3.4 1 1.53 1.6 �4.78% 4.01
1.5 4.4 1 1.09 1.1 �0.92% 3.62
3 2.4 1 2.87 2.92 �1.74% 3.79
3 3.4 1 1.53 1.45 5.23% 2.93
3 4.4 1 1.09 1.11 �1.83% 2.98
0.04 1.44 1.5 6.83 6.84 �0.15% 7.95
0.04 2.4 1.5 4.77 4.58 3.98% 6.77
1.5 1.44 1.5 3.48 3.35 3.74% 5.29
1.5 2.4 1.5 2.65 2.37 10.57% 4.57
3 1.44 1.5 3.48 3.31 4.89% 4.23
3 2.4 1.5 2.65 2.39 9.81% 3.56
�0.04 �1.4 0.5 1.29 1.35 �4.65% 5.13
�1 �1.4 0.5 0.54 0.53 1.85% 2.75
�2 0.7 1 0.71 0.71 0.00% 1.65
�1 �0.7 1 0.38 0.35 7.89% 1.76
�3 �0.7 1 0.11 0.12 �9.09% 0.46
�0.04 �1.4 1 1.03 1.13 �9.71% 4.86
�1 �1.4 1 0.37 0.4 �8.11% 2.68
�0.04 1.4 1.5 1.24 1.3 �4.84% 6.12
�1 1.4 1.5 1.05 1.11 �5.71% 3.38
�0.04 0.7 1.5 2.08 1.91 8.17% 4.71
�1 0.7 1.5 1.29 1.32 �2.33% 2.67
�0.04 �0.7 1.5 1.50 1.36 9.33% 3.70
�1 �0.7 1.5 0.26 0.28 �7.69% 2.12
�0.04 �1.4 1.5 0.69 0.62 10.14% 4.18
�1 �1.4 1.5 0.48 0.51 �6.25% 2.65
0.04 �3.4 0.5 2.21 2.13 3.62% 3.55
0.04 �4.4 0.5 1.07 0.96 10.28% 3.08
1.5 �3.4 0.5 1.05 1.13 �7.62% 3.02
1.5 �4.4 0.5 0.76 0.78 �2.63% 2.91
0.04 �3.4 1 1.86 1.75 5.91% 3.50
0.04 �4.4 1 1.02 1.1 �7.84% 3.06
1.5 �1.44 1 3.93 4.01 �2.04% 4.85
1.5 �3.4 1 0.94 0.98 �4.26% 2.99
1.5 �4.4 1 0.67 0.63 5.97% 2.89
0.04 �1.44 1.5 7.36 6.53 11.28% 8.27
0.04 �3.4 1.5 1.86 1.95 �4.84% 3.39
0.04 �4.4 1.5 1.02 1.1 �7.84% 3.02
1.5 �3.4 1.5 0.93 0.87 6.45% 3.00
1.5 �4.4 1.5 0.67 0.62 7.46% 2.88

Fig. 9. Standard Deviation at Z ¼ 0.5 m. Fig. 10. Standard Deviation at Z ¼ 1.0 m.
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Fig. 11. Standard deviation at Z ¼ 1.5 m.

Fig. 12. MCNP model of the DD neutron generator assembly.

Fig. 13. MCNP gamma dose mapping at z ¼ �50 cm (mSv/h).

Fig. 14. MCNP gamma dose mapping at z ¼ 0 cm (mSv/h).

Fig. 15. MCNP gamma dose mapping at z ¼ 50 cm (mSv/h).

Table 6
Optimum hyperparameters.

GP Model Parameter Value

Kernel Function squared exponential
Kernel Scale (sl) 0.364
sf 0.302
Observed objective function value 1.895
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above the actual dose values. Therefore, giving the analyst a con-
servative measure of the dose limit. Moreover, the validation error
analysis showed an acceptable prediction trend for both interpo-
lation and extrapolated points.

The GP (Kriging) approach has a low computational cost as
compared to that of running a new MCNP calculation or the
financial cost of installing more detectors to the network for the
experimental part. Therefore, using the proposed approach, radia-
tion dose analysts and regulatory bodies can be provided with a
mean to perform automatic dose mapping in dynamic and complex
areas and under normal/accident conditions efficiently with mini-
mal responses measurements. Therefore, by installing a few de-
tectors in the radiation field area such a GP model (with the
optimized hyper parameters determined a priori) can provide a real
time mapping of the dose in complex radiation fields such as the



Fig. 16. GP gamma dose predictions at Z ¼ �30 cm (mSv/h).

Fig. 17. GP gamma dose predictions at Z ¼ 0 cm (mSv/h).

Fig. 18. GP gamma dose predictions at Z ¼ 30 cm (mSv/h).

Fig. 19. GP gamma dose relative error at Z ¼ �30 cm.

Fig. 20. GP gamma dose relative error at Z ¼ 0 cm.

Fig. 21. GP gamma dose relative error at Z ¼ 30 cm.
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example case study presented in this work.
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