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Small areas of elevated activity are a concern during a final status scan survey of
residual radioactivity of decommissioned and contaminated sites. Due to the
characteristics of scanning, the lower limit of detection is relatively high
because the number of counts is low due to the short measurement time.
To overcome this, an algorithm capable of finding hotspots with little
information through deep learning was developed. The developed model
using an artificial neural network was trained with the scan survey data
acquired from a Monte Carlo-based computational simulation. A random
mixing method was used to obtain sufficient training data. In order to
respond properly to the experimental data, training and verification were
conducted in various situations, in this case, in the presence or absence of
random background counts and collimators and various source
concentrations. Experimental data were obtained using a conventional
detector, in this case, the 3" x 3" Nal(Tl). The advantages and limitations to
the proposed method are as follows. Results were well predicted even in cases
at less than 1Bq/g, which is lower than the scanned minimum detectable
concentration (MDC) of the detection system. It is a great advantage that it can
detect contaminated areas that are lower than the existing scan’s minimum
detectable concentration. However, the limitation is that it cannot be predicted,
and the accuracy is low in multi-sourced scans. The source position and size are
also important in residual radioactive evaluations, and scanning data images
were evaluated in artificial neural network modes with suitable prediction
results. The proposed methodology proved the high accuracy of hotspot
prediction for low-activity sites and showed that this technology can be
used as an efficient and economical hotspot scanning technology and can
be extended to an automated system.
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1 Introduction

Radiation measurements at decommissioned sites or in a
post-accident environment are very important for radiation
protection (Abu-Eid et al, 2012; Huang et al.,, 2013; Lee et al.,
20105 Takahashi et al., 2015). After decontamination, such sites
are investigated to confirm that the activity concentration is
lower than the release criteria. Laboratory sample preparation is
an important step, but it is an expensive and time-consuming
step during measurements of elevated radioactivity levels.
However, because it is not possible to accurately measure all
sites in a wide area, a dynamic survey method or scanning has
been used (Hong et al., 2014).

The derived concentration guideline level (DCGL) is the
residual radioactivity that can be distinguished from the
background level, and it is assumed that the contamination
source is uniformly distributed in the contaminated area of
the site. The average value of the residual radioactivity for
each region of interest should not exceed the DCGL value for
each nuclide. In areas with locally high residual radioactivity
(hotspots), the number and locations of measurements are
determined using the DCGLgyc method of calculating the
derived concentration standard. Also, DCGLgyc is a value
applied to an area with high local residual radioactivity, and it
is the site release standard for hotspot areas. In addition, the
actual MDC of the selected scanning technique is compared to
the required scan MDC. If the actual scan MDC is smaller than
the required scan MDC, the selected scanning technique is
considered to have adequate sensitivity for hotspot
measurements. In residual contamination level surveys of
large-scale sites, the scan MDC is derived according to the
appropriate measurement conditions (e.g., scan speed, detector
type, etc.) to evaluate hotspots quickly and accurately, and an
investigation plan is established (United States Nuclear
Regulatory Commission, 2005).

Measurements of hotspots at the site are performed
through a dynamic survey (scan survey) because the scan
MDC value changes depending on the type of the detector,
survey speed, and height of the detector. Therefore, it is
necessary to establish proper measurement conditions
according to the release criteria (Kurtz, 2017; Abelquist
et al., 2020; Owens et al., 2018; Hong et al.,, 2011). Unlike a
static survey, for a scan survey, the target area is measured
during the continuous movement of the detector, and the
measurement time within the target area is short. Therefore,
the minimum detectable concentration (MDC) of the scan
survey is relatively high. It is possible to increase the
measurement time to meet the desired concentration, but if
it exceeds a certain time limit, the advantage of the scan survey
for quick measurements will be lost. The scan survey method
is generally used to evaluate the distribution of contamination
at sites in the final status survey (FSS) (Abelquist, 2013; Lee
et al., 2020). Also, the scan MDC varies depending on the
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survey conditions and the type of the instrument used. In
2016-2019, a study to evaluate scan MDC outcomes for *’Cs
with high soil adsorption levels was conducted (Kim et al,
2020). This study evaluated the sensitivity, according to the
dynamic irradiation conditions, by changing the scan speed
and measuring the height using 2” NaI(Tl) and 3" NalI(Tl)
crystals. Recently, various scenarios have been investigated for
uranium enrichment facilities in Spain using scan
measurement methods (Vico et al., 2021). These studies
the

investigation Manual

follow multi-agency radiation and site
(MARSSIM) method,
which is the methodology followed in many countries to
with

According to previous studies, it was found that the higher

survey
assessment
demonstrate  compliance radiation  standards.
the scan speed and the lower the efficiency of the instrument
were, the higher the contamination range became. For this
reason, it is necessary to develop a method capable of
investigating hotspots with a fast scan rate.

The gamma camera was a representative technology for
investigation of hotspots (Gal et al., 2006; Okada et al., 2014).
However, these devices have a low sensitivity of a few
hundreds of pGy/h because they lose too many gamma ray
signals as they utilize a pinhole collimator. Therefore, the
gamma camera has been used for high levels of contamination,
such as inspections of nuclear power plants, radioisotope
generators, and nuclear accident sites. The Compton
camera has been used for low-dose rate levels and for
relatively accurate source position tracking (Suzuki et al.,
2013). Compared to a gamma camera, this camera can be
used at relatively low doses and can locate sources at the level
of hundreds of nGy/h. Based on this, a compactly
manufactured Compton camera feasible for use at sites
after an accident was developed (Sato et al, 2020; Sato
et al, 2018). A gamma ray detector was attached to an
unmanned aerial vehicle which flew over the scanning area,
whereas the conventional Compton camera used a pixelated
gamma ray detector. The conventional type incurs a high cost
because it needs two pixelated photon detectors. However, in a
study involving the compact Compton camera, the Compton
cone was calculated using data acquired when moving along
the flight route. Therefore, this type did not require multiple
detectors, which reduces its weight and cost. However, a
problem arose when multiple sources were positioned
adjacently as distance correction among the Compton
cones was difficult and the process only indicated whether
there was any source in the area. Device-oriented studies, such
as those that automate a conventional detector by loading it
into a vehicle, have also been carried out (Lee et al., 2020;
Ardiny et al.,, 2019), but there are only a few software-based
approaches.

Artificial neural networks have been widely applied in
various fields in engineering to solve complex multi-variable
problems (Shafiq et al., 2021a, Shafiq et al., 2021b, Shafiq et al.,
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FIGURE 1

Conceptual diagram of the hotspot investigation algorithm.

2022; Colak et al., 2022), improve the accuracy of classification of
image-like data (Sibille et al., 2019), and spectroscopy (Galib
etal, 2021; Cuietal., 2019; Li et al, 2021). By training the neural
network model, also called deep learning, meaningful results can
be obtained from the data at a level that is difficult for humans to
find or is statistically insignificant due to lack of information. By
using deep learning, radionuclides can be identified from a full-
energy peak that is unshaped due to lack of counts and from a
spectrum acquired with poor energy resolution, such as that by a
plastic scintillator (Daniel et al., 2020; Jeon et al., 2020).

Based on these outcomes, in this study, a low-level hotspot
investigation method based on an ANN-based deep-learning
algorithm and scanning data imagery is proposed. The
method is based on deep learning and determines hotspots in
the scanning area with activity levels lower than those of the
conventional scan MDC. In the application of deep learning on
gamma ray spectroscopy, although the number of counts was not
sufficient in the range of interest, the presence of a certain
radionuclide can be determined using the data from other
channels. Taking this into consideration, if the scanned data
are imaged, each pixel becomes a data channel adjacent to the
others, and even if the amount of data obtained directly above the
hotspot are small, the location and size of the hotspot can be
predicted using the surrounding data. The present study uses
scanning data imagery and undertakes training of the ANN
model using computational simulation data and verification of
hotspot prediction results through both simulations and
experiments.

Frontiers in Energy Research

03

Predict &

Reshape
24x24 Predicted

Source Locations

L
Output layer

Training ANN model

Predict &
Reshape

24x24 Predicted
Source Locations

2 Materials and methods

The purpose of the deep learning-based hotspot investigation
algorithm proposed in this study is supporting to identify
radioactively elevated hotspots using a deep learning model
trained with simulation data. This section describes how the
neural network model is configured and the training data are
prepared.

2.1 Hotspot investigation algorithm with
an ANN

The ANN model works similarly to how neurons in the brain
work (Kim et al., 2019). Neurons (nodes) between layers are
connected with weights. The values in the input layer are
multiplied by weights through the hidden layer, and the result
is obtained at the output layer. The errors between the answers
and results are reduced by updating the weights with an
optimization function and a loss function. By repeating this
with a proper number of cycles, the model can predict the
desired target value.

Figure 1 shows a conceptual diagram of the hotspot
investigation algorithm with deep learning. An ANN model is
trained using image-like count rate scanning data obtained from
scanning simulation. In this study, the input data have a shape of
24 x 24. Each pixel contains the count rate in a scanning interval.
Candidates for neural network models include fully connected
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sequential neural networks, convolutional neural networks, and
recurrent neural networks. Convolutional neural networks are
widely used in 2D data such as images and are useful for
extracting features by training the correlation between
adjacent pixels. It is particularly effective for problems that
are too expensive to train with a fully connected neural
network when the number of pixels in the image is large.
However, in this study, the number of pixels is small because
the scanning range is not large at one time. There are also cases
where the hotspot covers only one pixel because the area per
scanning interval is large. Therefore, the convolutional neural
network is excluded because it may be disadvantageous in
learning sparse image data. Recurrent neural networks are
used to learn sequential data such as spectra or waveforms. If
the spectroscopy data from the scintillator detector are directly
used to train the model, it would be very useful, but in this study,
the counting rate data were used. Therefore, the recurrent neural
network is also excluded. As a result, this study does not consider
other models because the computational cost is not large even
when using a fully connected sequential neural network.

The ANN is composed of a flattening layer to convert the
two-dimensional data array into one-dimensional data before
training, two hidden layers, and an output layer (Yegnanarayana,
2009). The first hidden layer uses the activation function of the
rectified linear unit (ReLU), and the second layer uses a sigmoid
function. A binary cross-entropy loss function is used to train the
model to classify whether radioactive sources exist or not.
Therefore, the model predicts the hotspots by using the count
rates in the scanning intervals. The shape of the output from the
model is same with the flattened input which corresponds to
576 x 1, and then, the output is reshaped to 24 x 24 to create
image-like results. After the ANN is sufficiently trained by the
dataset produced by simulation, the experimentally measured
count rate data are used and predicted by the model. The
performance of the model is evaluated by these real-world
data. For summary, this model takes count rates in the pixels
as the input, and it classifies whether each pixel has elevated
radioactivity or not. Therefore, each count rate can be considered
as a sample. Therefore, the model performance metrics such as
accuracy, precision, and recall are estimated in an image that
contains 576 samples.

2.2 Training data production

The number of samples should be sufficient to train a deep
learning model. In general, a few thousand samples are required
to train the learning model and validate it. However, data
acquisition at this level of a source condition is too complex
to carry out via an experiment. One scanning data include 24 x
24 count rates, and too much physical time is needed for the
experiment. For the training of the ANN model, input (or
feature) and answer (or target) datasets are required. It is
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important to have input data with a clear tendency with
regard to the target data so as correctly to train the model
data. For these reasons, we obtained the count rate data
through a computational simulation and checked whether the
model learns and predicts the locations of hotspots well. In this
way, the model predicts hotspot locations when using an
experimentally obtained count rate data.

Monte Carlo N-Particle 6 (MCNP6) was used for the particle
transportation simulation (Goorley et al., 2012). The detector was
composed of Nal(Tl) with a density of 3.67 g/cm®. Both the
diameter and height of the detector were 7.62 cm. The target
scanning area was a 100 cm> x 100 cm” concrete wall with a
density of 2.3 g/em’. The face of the detector was located at a
distance of 10 cm from the wall. The detector was initially
positioned at a starting point (4, 4), then moved in steps of
4 cm to emulate scanning, and finally reached the ending point
(96, 96). In this way, 24 x 24 data points in total were acquired.
The circular source was randomly positioned in the concrete wall
area, and the source diameter was randomly sampled with a
range of 0-15 cm. The source was uniformly distributed on the
defined diameter with a depth of 1 cm. The radionuclide was
¥7Cs, which emits mono-energy photons at 662 keV. Figure 2
shows examples of the randomly positioned circular sources and
count rate data recorded by the scanning simulation. The black
and white colors in each pixel represent the count rate data, and
the orange circle, which represents the area of the source, is
overlapped on the count rate data. The count rate data and the
source position were well matched. Based on this, binary target
datasets were produced in which all pixels touched by the source
region were set to 1, while those without sources were set to 0.

In total, 100 randomly generated single circle sources were
simulated through MCNP6. The Y-position and Z-position of
each source were randomly sampled from 0 to 100 cm and from
50 to 150cm,
perpendicular to the wall. The scanning data with a single

respectively, when the X-direction was

source were not a real-world case because there can be
multiple source points in the scanning area. If a neural
network model is trained with only single-source data, the
accuracy for predicting multiple sources will be poor.
Therefore, the input data with a single source were randomly
sampled two, three, four, and five times in each case, yielding
1,000 combinations each to increase the number of samples and
the responsiveness to multiple sources. By merging these
combinations, 4,100 samples including single and multiple
sources were prepared in this augmentation process. When
preparing the datasets with n combinations, the fractions were
randomly sampled to have a standard deviation of 1/5n to
determine the deviation of the radioactivity with the data after
combining and then normalized. Similar to the input datasets,
4,100 answer datasets were prepared but binarized, meaning that
all non-zero cells were set to 1. The input and answer datasets
were split into the training and test datasets with a ratio of 4:1.
The model was trained by the training datasets, and the source
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position was predicted using the test datasets. The predicted
results were compared with the test answer datasets with the
same index.

2.3 Effects of the collimator and random
background noise

The collimator shields the detector from extraneous photons
but allows activity from a specified area of contamination to
reach the detector. A short-pitch collimator can reduce scattered
photons, and a long-pitch collimator can define the field-of-view
of the detector. Given these characteristics, collimators are
mainly used in radiographic imaging. During the process of
producing the training data, two different conditions of the
detector, with and without a collimator, were used in the test.

The random background count rate is inevitable during
experimental measurements. The results from the Monte
Carlo simulation only include count rates from defined
radiation sources. In cases where an ANN model is trained
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with clear data without a background count rate, the
predicted result will not be accurate if experimentally acquired
input data, which include the background count rate, are used for
prediction. Therefore, the data used for training should include
random background noise to be similar to experimentally
acquired data. If a detector has a collimator, a corresponding
shield of the same thickness should cover it. The background
count rates for the Nal(Tl) detector were experimentally
estimated. The background count rates with and without a 2-
cm lead collimator were estimated to be 5,082 and 24,969 cpm,
respectively. Considering a scanning interval of 2 s, the average
background counts for the corresponding scanning intervals
were 169 + 13 and 832 + 29 counts. These background counts
were randomly sampled and added to the count rate obtained
from the tally.

To sum up, three datasets for training were produced: one
without a background count rate with a collimator, one with a
background count rate with a collimator, and one with a
background count rate without a collimator. The first can
represent the ideal case, while the latter two are closer to reality.
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2.4 Experimental scanning test and
application

A situation with sources placed on a wall with scanning along
the wall was simulated. Figure 3 presents the arrangement of the
detector and source on a wall for the experiment and the sources
used in the experiment. In this case, a 100 cm” x 100 cm* grid
paper was attached onto the wall, and two surface sources were
attached onto the grid paper at arbitrary positions. The isotopes
of the surface sources were ’Cs and *°Co with a surface area of
10 x 10cm® in a square shape (Eckert & Ziegler). Their
corresponding activities were 3,589 and 3,109 Bq, according to
the decay rate from the reference date. From point (4, 4), moving
by 4 cm, we reached point (96, 96) by measuring 10 s at each
point. In this way, 24 x 24 count rate data were acquired in total.
As with the data produced by the computational simulation, the
data here were normalized and imaged. The imaged data were

Frontiers in Energy Research

Arrangement of the detector and source on a wall for the experiment and the sources used in the experiment.

06

used as inputs for the model, and the source location was
predicted.

As a reference for the detection system, the scan minimum
detectable concentration (scan MDC) was calculated by Eq. 1
(Abelquist and Brown, 1999).

d' x bi X (6'—0)

MDC = :
scan P x CPMR x ERC

1

Here, d' is the index of sensitivity, b; is the background count
in the measurement interval of i, p is the surveyor efficiency,
CPMR denotes the ratio of counts per minute relative to the
exposure rate, and ERC is the exposure-rate-to-concentration
ratio. The index of the sensitivity value is determined according
to the ratio of true positives and false positives. The index of the
sensitivity value corresponding to 95% true positives and 25%
false positives is 2.32. The scanning intervals were assumed to be
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Predicted results using the ANN model trained with datasets without background noise. Image of the input count rate data (left) and predicted
source position (middle), and the answer image of the source position (right) are shown.

2s in the computational simulation case and 10s for the
experimental case. The index of sensitivity and the scanning
interval can be changed according to the requirements,
considering the expected contamination level of the target
area. The ""Cs scan MDCs with a scanning interval of 2
including and not including the collimator were estimated to
be 8.20 and 17.62 Bq/g, respectively. For *“Co, they were
correspondingly 8.07 and 3.92 Bq/g. For the experiment case
with a scanning interval of 10 s and not including the collimator,
the scan MDCs were estimated to be 7.88 Bq/g and 3.61 Bq/g for
7Cs and *Co, respectively. The corresponding ERCs were
estimated to be .719 and 2.70 (nGy/h)/(Bq/g) in the given
source condition.

shows 10 predicted results using the ANN model
trained with datasets without background noise. The column on
the left represents the input count rate data, the middle column
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represents the source position predicted by the ANN model, and
the column on the right represents the correct answer of the
source position. The brightness of the input image differed
according to the source, given the different relative intensities.
In the predicted results, the colors represent the different
probabilities of the prediction, with yellow, red, purple, and
black spots correspondingly representing over 90%, around
60%, around 30%, and 0%, respectively. Hence, purple and
black red
represents and yellow

indicate no radioactive sources

gray
represents a clear presence of a radioactive source. Most

in the area,
a questionable or region,
sources were correctly predicted, except for cases where the
difference in the fractions among sources was very large.
Because the input data included no random background
noise, the differences in the counting rates in the input data
are relatively more highlighted by the difference in the strength of
the source.

shows the predicted results using the ANN model
trained with datasets with random background noise and a
collimator. The source rates were assumed to be 10, 1, .1, and
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Predicted results using the ANN model trained by datasets with random background noise and equipped with a collimator. The radioactivity
concentrations were as follows: (A) 10 Bg/g, (B) 1 Bg/g, (C) .1 Bg/g, and (D) .01 Bqg/g.

.01 Bq/g for each circular source. As mentioned in the ‘Training
data production’ section, the single-source datasets were mixed,
and the radioactivity of each source had deviations. In the cases
with a radioactivity concentration of 10 Bq/g, the source position
is discriminable with the human eye. On the other hand, in other
cases with lower concentrations, it is difficult to find the source
position intuitively. However, the ANN model could correctly
predict these source positions. It is assumed to be able to predict
much better than when there was no random background noise.
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Considering that the scan MDC was on the order of few Bq/g, it is
possible to find low-level hotspots not found by the existing
scanning methods when the proposed algorithm is applied.
shows the predicted results when using the ANN
model trained by datasets with random background noise but
without a collimator. Because no collimator was used, the bright
points in the input data were more widely spread and were larger
than the defined source area. Compared to , for some

source positions, the prediction probability was low. Specifically,
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FIGURE 6

Predicted results using the ANN model trained with datasets with random background noise without a collimator. The radioactivity

concentrations were (A) 10 Bg/g, (B) 1 Bg/g. (C) .1 Bg/g, and (D) .01 Bqg/g.

relatively small source positions were predicted with lower
probability. It was also confirmed that there are more
prediction points with low probabilities displayed in purple.
shows the predicted result using the model with
experimentally acquired count rate data. The model was
trained with a dataset with background noise and no

collimator, which was
the experiment. The
acquired count rate

represents the picture

the condition most similar to that in
first column shows experimentally
data, the
of the source arrangement, and the

input second column

third and the fourth columns represent the predicted source
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locations. The third and fourth columns were predicted by
differently with
concentrations of 10 and 1 Bq/g, respectively. When using

trained models which wused datasets
the model trained with the 10 Bq/g dataset, it has a smaller
number of high-probability pixels, but it has some false positive
pixels. Otherwise, when in case of the 1 Bq/g dataset, it has a
larger area of high-probability pixels, which means that there
are many false positive pixels near the true-source points. The
accuracies with a threshold of .99 for three experimental data
from top to bottom are .929, .943, and .918 for 10 Bq/g; .and
906, .870, and .888 for 1 Bq/g, respectively.
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Receiver operation characteristic (ROC) curve (left) and precision—recall curve (right) with models that are trained by datasets with different

concentrations
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TABLE 1 Case study for the SCAN MDC analysis.

10.3389/fenrg.2022.956596

Detector Height/scan  Radionuclide Scan Scan MDC Reference
rate area (m)
1 | PVT scintillator and NalI(Tl) scintillator 10-40 cm/ 137Cs 25 m? 1,67,000 Bq/m* Lee et al. (2020)
(anti-coincidence circuit) ~10 m/s (average)
2 | 3-inch Nal(Tl) scintillation detector witha = 10 cm/.5 m/s 137Cs “Co 1m? 8.09 pCi/g Kim et al. (2020)
collimator
2.68 pCi/g
3-inch Nal(Tl) scintillation detector 137Cs “Co 8.63 pCi/g
3.32 pCilg
3 2-inch NalI(Tl) scintillation detector 5 cm/.25 m/s 7Cs 5m? 4.5 pCi/g United States Nuclear Regulatory
Commission (2005)
1 m? 3.6 pCi/g
2m’ 3.2 pCilg
4m’ 3.0 pCi/g
6 m’ 2.5 pCilg
8 m’ 2.5 pCi/g
16 m* 2.5 pCilg
25 m? 2.0 pCi/g
4 1.5-inch Nal(TI) scintillation 10 cm/.5 m/s 137Cs 0126 m? 10.4 pCi/g U.S. NRC (2020)
5 | 3-inch Nal(TI) scintillation detector 10 cm/.5 m/s 137Cs 1m? 7.88 Bq/g This study
“Co 3.16 Bq/g

The source position of ®’Co was manually discriminable in
the input data image; however, '*’Cs was difficult to discriminate
because the data were normalized, and the relatively high
intensity of “Co dominated the datasets. Therefore, the
position of the bright points due to the *’Cs source appears
to have shifted. This can lead to a misrepresentation of the
hotspot position. The probability prediction was relatively low
compared to the simulation-only results. The experimental error
was included in the dataset in this case, while the detector was
moved manually. Each pixel needed to receive data at precise
intervals to reflect the shape of the source accurately. If data can
be acquired while moving at a constant speed, akin to a robot
head used in optical devices, it will be possible to predict hotspots
more accurately.

Figure 8 shows the receiver operation characteristic (ROC)
curve and precision-recall curve with models that are trained by
datasets with different concentrations. The model trained by the
10 Bq/g dataset shows the best performance with the highest area
under curve (AUC) of .975. From a regulatory point of view, a
frequency of type II errors (i.e., false negative rate) of .05 or less
may be required. It implies that the model should show a certain
level of precision where the recall is .95 or more, and the model
trained on the 10 Bq/g dataset satisfies this criterion. In the case
of 10 Bq/g, it has a surficial concentration of about 23 Bq/cm?,
and the surface source used in the experiment has a surficial

Frontiers in Energy Research
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concentration of about 35.9 Bq/cm® Therefore, models trained
using a high-concentration dataset performed better. When
applied in the field, if a model trained by the expected
concentration of hotspots is used in consideration of the site
condition, the prediction with high performance will be achieved.
Based on the fact that the model trained with the simulated
dataset at 1/30 of the concentration (1 Bq/g) used in the
experiment also showed an accuracy of .87 or more, the
proposed method shows tolerance to the concentration of the
training dataset.

In the scanning survey to measure the hotspots, a
measurement point with a counting rate higher than that of
MDCR is taken as a hotspot, but the proposed method has the
advantage of imaging the data after scanning and finding
hotspots with lower concentrations than the scan MDC
through data correlations among the pixels in the image. In
terms of the absorbed dose, it is possible to distinguish hotspots
at the level of several nGy/h. In addition, it is possible to
minimize unnecessary decontamination by adjusting the size
of the hotspot in the data spread widely by scattered rays. One
consideration for in-field use is that the measurement location
and pixelization must be accurate. The cause of the relatively
poor prediction performance in the experiment was the
measurement location, which did not precisely match with the
pixel. Therefore, when using in a small area, a specified area can

frontiersin.org
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be scanned using an automated robotic arm, or when using a
large area, a data correction method must also be considered so
that data can be entered into the correct grid through the Global
Positioning System (GPS) (Adsley et al., 2004).

Table 1 summarizes the recent SCAN MDC analysis research
results and describes the types of detectors, measured nuclides,
and results.

The method proposed here undertakes training and
prediction based on the overall counts of the spectrum. This
is performed because it is difficult to predict nuclides through the
full-energy absorption peak because the time needed to
determine the amount of data per pixel is very short due to
the scanning rate. It is expected that hotspot locations can be
identified more precisely if operated together with nuclide
identification in combination with methods for detecting
nuclides in low radioactivity or spectra with poor energy
resolutions. Efforts to realize this are currently underway
(Daniel et al., 2020; Jeon et al., 2020).

4 Conclusion

This study proposed an applicability of the in situ residual
radioactive hotspot detection methodology using a constantly
moving detection system with a deep learning model trained by
simulated count rate data. The method was based on creating an
image from scanning data and ANN-based deep learning. The
scanned data were transformed into a 24 x 24 image and utilized
for training and predictions. The ANN model was trained using
data produced by a Monte Carlo simulation. The ANN model
was trained and tested in several situations, including those with
no background, with background noise, and a collimator, and
with background noise and no collimator. When the data
included random background noise, the hotspot position
could be accurately predicted despite the fact that the activity
of the source was lower than the scan MDC of the detecting
condition. However, when multiple sources were spotted in the
scanning region, if the amounts of deviation among the
radioactivity levels of the sources were large, hotspots with
lower activities were predicted at low probabilities or were not
found. The method was validated by experimentally acquired
data. The positions of the sources were well predicted. The
advantages and limitations to the proposed method are as
follows. Importantly, it is an ANN model trained with
simulation data, and it can predict with high accuracy, even
using experimental data. Furthermore, it is a great advantage that
it can detect contaminated areas that are lower than the existing
scan MDC. However, the limitation is that it cannot be predicted,
or the accuracy is low in multi-sourced scans. As a challenge, we
have a plan for the automation system of the low-activity
the
dismantling site to verify its performance. This methodology

radioactivity measurement and use it directly at

can easily be applied to an existing detection system simply by

Frontiers in Energy Research

12

10.3389/fenrg.2022.956596

software applications including the algorithm and modifying the
scanning process for imaging. This work is meaningful for the
development of artificial neural networks and deep learning
systems, which provide valuable insights and guidelines for
future progress in a final status scan survey of nuclear
decommissioning and contaminated sites.
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