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CHAPTER 1

INTRODUCTION

vy Simolded .
6@'@“ “\?“JAA?«B

The main question addressed in this work is: Can artificial neural networks (ANN)"be-

~used-to-selve-different-problems in automated radio-isotope identification and quantification
—using-simulated spectra_as a training da.tasei&sr) ANNSs can incorporate abstract features of

Wik NET
' ,“:3 ahw ord & gamMma-ray spectrum in non-intuitive ways. This may give ANNs the ability to _ L dart Maink

n = Yo musny
Nowrs G qge isotope ll@practleal for domestic Hais .
into ?uv\d»v >3 e

\u.r\gs \n4is nuclear security, operate using low-resolution Nal radiation detectors Wlthout—&eeﬂ-ratei'y- Sure N
Cose, (’ {grw\ Spu)cﬂhw\ lilpraries avent
isehpe .- o « knowing the deteetor}s( calibration or 4enewrng~the background \on, O nore \qu W need of is

Conadibe eifhar pessessive or s Lt Word Yion
Can \u. idu\'\"fj llhe—aa—m‘W\eEt—ths d?ssertatlon is-te- demo '\gqrate the performance of ANN% lg cmfuhm

related-to identifying and quantifying the radioisotopes in low-resolution gamma-ray spectra. «
\$o\'°V¢5 : Yhan -(v

\\7

sy

The low-resolution detector of interest in this work is a 2-inch by 2-inch Nal(Tl) cylindrical ‘.KM

scintillation detector. This detector is industry standard due to its ease of use, low cost, and

will | § o idsndifqing s
acceptable resolution. Tasks that will be investigated a,x-le-xs‘fe\%elge—xdenu-ﬁeamg isotopes

ANSI N42-34 - 2006
in the ANSI required list o

[1]. ThefANSI standard also requires isotope identification algorithms be-able to operate

when the radioactive material is behind shielding. %eeeuse-ef-tl%s, shielding will also be
rc.oyck\v\sul W\?&‘A_ ‘%B

Yoo o Wl ey plove o

In addition to isotope identification Ythe ability of ANNs to quantify the count contribution WN

incorporated into this work.

from each isotope will-be-exptored. The neural netw. bility to extract count contribution
Qo=Sessive
1nf0rrn}at10n from gamma-ray spectra is important for two reasons. The ﬁrst purpose is to

give e information to the H8E on the quantity of isotopes in an unknown. The
second purpose is a possible use of neural networks in post-detonation nuclear forensics.
post-detonation nuclear forensics, a large number of radioactive fission products are created.

Quantifying the FilloNNUNONISOIOPE in post-detonation debris can yield useful information
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Not

Sene | " Nybe in treaty verification technologies. | HiSICSONNONINGINEETESENCCICCIOISNCCEICHSe
{é- < 7 S SeISNEEENON v hile ¢iving enough information to produce

ovack L’b/ accurate enrichment quantification. The fact that ANNs can be taught to ignore certain

Mane.
A

£
¢

about the devi@roperties. Mixtures of laboratory sources will be used as a surrogate
for post-detonation debris and the ability for the ANN to accurately calculate the mixture
components will be a,nal-yzed.es%\iw

Another case where knowing the isotope quantities in a mixture of isotopes is in uranium
enrichment calculations. Knowing the enrichment of uraniuwm is important in two area

The first are is when uranium is identified @t a border crossitg. Typically the spectrum

would need to be given to a trained spectroscopist to quantify the enrichment, but this

process could be automated on the device first used to identify it. The second case would

patterns and

goodntooINfortreatylverification. The ability of ANNs to operate without knowing the
shielding and background spectrum makes them bett@ a zero knowledge concepty) Nal \

detectors also have a higher efficiency than the higher resolution HPGe. This means that
the counting times for Nal are smaller than would be required to get the same number of

counts using an HPGe.

. 3\5 M
%ﬁp %j&\\ \Z ° g
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CHAPTER 2

LITERATURE REVIEW

NS f)w

2.1 Gamma-Ray Spectroscopy for Isotope Identification / \NWK\J“’

/
/T Mh{" "\ Typically this requires a trained spectroscopist. Once a spectrum of interest is identiﬁ% a
\du\k I\‘W spectroscopist will identify photopeaks‘@
G; wdnd'ﬂl

[/

Speck rorcapSy well given a low-resolution gamma-ray spectrum of a mixture of radioisotopes. Common

There are many automated radioisotope identification methods available, but few perform

methods include library comparison algorithms, region of interest (ROI) algorithms, principle
component analysis (PCA), and template matching.

Library comparison algorithms attempt to match photopeak energies found in a gamma-
ray spectrum with those found in a library of known isotope decay energies. Drifts and un-
certainties in detector calibration can lead to misidentifying photopeaks, leading to incorrect 'ls,;\—ufg
identifications [3]. To be automated, this method needs an algorithm to extract photopeak
centroids from a spectrum. Photopeak extraction algorithms face difficulties when a large
number of photopeaks overlap in a spectrum, such as when a mixture of radio-isotopes are
measured with a low-resolution detector [4].

ROI algorithms search for elevated counts compared to background in a region Where(\ ww\é vdd

¢\€0 \ oo
photopeaks are expected to be for different radioisotopes. ROI algorithms may operate \\‘i\:t )““
poorly when photopeaks of different radioisotopes overlap [3]. For this reason, large iso- 5‘”“:3' m

tope libraries will preform poorly using this method. Similarly to the library comparison i,

J&w\
algorithm, calibration drift may shift photopeaks into different neighboring ROIs, leading to *'8 >
incorrect identification. The ROI method has been used to differentiate normally occuring

radioactive material (NORM) from special nuclear material (SNM) using plastic scintillators
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[5].

PCA can also be applied to radioisotope identification. The goal of PCA is to reduce the
dimensionality of a dataset into uncorrelated variables [6]. Using a few of these principle
components, the data may be represented in a reduced space that contains most of the
information present in the original data. The transformed data can then be clustered based
on isotope identity. Clustering algorithms may include K-means or Mahalanobis distance [7,
8]. PCA has been applied to isotope identification using plastic scintillators [9] and anomaly
detection using both plastic scintillators and Nal detectors [10]. Despite the progress of
PCA in isotope identification, there has not been significant progress in applying PCA to

separating mixtures of isotopes in gamma-ray spectra. <

Template matching algorithms find an example in a database of gamma-ray spectra that
most closely matches a measured spectrumﬁ [3]. The database of spectra can contain multiple
detector calibration settings, shielding materials, and source-to-detector distances. Good-
ness of fit can be measured using a chi-squared test, euclidean distance, or Mahalanobis
distance. While a sufficient amount of example spectra can be used to identify almost any
measured spectrum, the drawback of this method is the time necessary to compare a mea-
sured spectrum to the library and the computer memory necessary to store said library. This
method also may have difficulty when mixtures of isotopes are considered, although work is

being done to correct this [11].

2.2 Artificial Neural Networks

Artificial neural networks were first created to mimic biologic neurons. Since their creation,
they have demonstrated promising results on a variety of different classification and regres-
sion tasks [12, 13, 14]. The following sections will give an overview of how ANNs learn and

operate.

do We
Ko

w\‘\g'
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C Digure 2.1: Example ANN with input layer A, hidden layer B, and output layer C.

2.2.1 Architecture and Training

ANNs work by mapping arbitrary input spaces, RY, to arbitrary output space, R¥. An
one hidden layer ANN mapping RY +— RX is shown in Figure 2.1. Each circle
represents a neuron, or node. The mathematical process governing each neuron in the ANN
is shown in Figure 2.2. In Figure 2.2, the signal from the previous layer is propagated to the
next by applying some function, typically sigmoidal, to the dot product of the signal from the
previous layer and the weight vector going into a given node, B; in Figure 2.2. Given a one-
layer ANN with a finite number of hidden nodes, any function RY — RX can be described
to arbitrary precision [15]. Additional hidden layers increase the representational power of
an ANN, reducing the number of nodes and computational power required to represent a
function. There is no direct method to compute the number of hidden layers or nodes for a
given problem. These, along with other hyperparameters, need to be optimized for a given
dataset.

Artificial ANNs learn a function by changing the weights connecting the layers so that
some error function is minimized for a given dataset. One popular method to update the

weights is through the process of gradient descent through the backpropogation of errors

[16]. The update equation for a single weight, w;, is shown in Equations 2.1 and 2.2. In

these equationg, Errop)is the given error function to be minimized (commonly mean squared

error or cross entropy) and 7 is the learning rate of the ANN.

\ P

than words 10oegs
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Figure 2.2: Summary of the operation of a single neuron.

7 \\7

£

\ -

=TT g,
j

Wi = w;-’ld + Aw; (2.2)

2.2.2 Hyperparameters

In general, ANNs have a tendency to memorize their training set in a process called over-
training. An overtrained ANN will tend to incorrectly identifyig novel data. To prevent
/N
this, X number of hyperparameters were used to prevent overfitting and optimize perfor- /W“S ; S‘HLL

mance. Unfortunately, there is currently no known method to know which hyperparameters

'&'rsir

MOV\ 0{
on( acting

ih/ypTerparameters were added to the model.] [he following hyperparameters were used in this ol -

have an impact on model performance before training., Because of this, a number of popular

study: the number of neurons in each layer, the number of layers used, initial learning rate
for the training algorithm, the L, regularization strength, and neuron dropout rate.

Because there is no direct method to identify which hyperparameters are important or
what their values should be, a random hyperparameter search can be used to find a closeto-
Optiméﬂ“ﬂ network structure and hyperparameter values. There is evidence that a random
search in a given hyperparameter range finds better hyperparameters quicker than a grid
search in the same range [17]. There is also a proof showing that given 60 points randomly

sampled in some space with a finite minimum, the minimum of those 60 random samples is
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within 5% of the true minimum with 95% probability [18].

2.3 Isotope Identification Using ANNs

There have been a number of published papers which apply ANNs to automated isotope
identification. ANNs have been applied to peak fitting [19], isotope identification [20, 21],
and activity estimation [20, 22]. Many of this work rely on ROI methods [23], feature
extraction [24], high-resolution gamma-ray spectra as the input to the ANN [25], small
libraries of isotopes, and assume perfectly calibrated detectors. ANN training methods
created for high-resolution gamma-ray spectra may not perform well when trained using
low-resolution spectra given the large discrepancy in resolution. ANN training that relies on
ROI methods may not perform well when ROIs overlap significantly with large libraries of
isotopes.

It has been shown that an ANN may be trained to perform isotope identification and
quantification using low-resolution Nal gamma-ray spectrum using a library of five isotopes
[26]. While promising, this study did not include complicated source mixture analysis. This
study also used a library too small to be of practical use. The American National Standards
Institutes (ANSI) has identified 31 gamma-ray emitting isotopes that automated isotope
identification algorithms should be able to identify [1].



CHAPTER 3

PREVIOUS WORK
NZ:s Tt boear Yo e
: —’?\NL

7

nglz‘ - > : e e M‘“Zﬁh@& X
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Discunss grs\v. g M%

is and TNS Publication

The work I published hag/a lot of room for improvement. Some physics in the MCNP model
fke any radiation contribution from bremsstrahlung and envirenmental scat-
ter. Also the background isotope spectra were very wrong. These were generated assuming
a point source of radiation. Real background is distributed in the soil. Many scattering
events in soil along with skyshine contribute to a spectrum that looks very different, from a
point source.

There were parts of the published work that were good. The sampling method based on
isotope templates is a good method to simulate lots of realistic gamma-ray spectra. One
of the most difficult parts of ANN training is creating a good training set that represents
reality. This method can be used to simulate most things, which is hugely useful. The results

of the published work were also very promising. Despite the unrealistic physics model used

in the simulation, the ANN correctly identified isotopes in a variety of simulated and real m :
v

spectra. v.l/l» ?

— _
Moving away from the MCNP modelsed GADRAS to create

GADRAS has done all the physics heavy lifting for us, which is awesome. Also lets us simu-

emplate spectra. Qas'\""\\ll :

late shielding, different scattering environments, detectors with different parameters(FWHM
vs energy, nonlinear calibration, crystal dimensions), and entirely different detectors. @
have demonstrated that an ANN trained with this data can accurately identify poor quality
simulated spectra. Real spectra are still needed to verify these results.

The current method begins by simulating a gamma-ray spectrum dataset for a given

identification and quantification task. The ANN inputs are 1024 channels of a Nal spectrum
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Figure 3.1: Mean square error vs training iteration for three different ANN inputs.

and the output is percent count contributions from each isotope in the library used. The

number of input channels can be easily changed to accommodate other detectors.

3.2 Shielding Experiment Results

We're seeing some confusion in low-energy iSOtopes). Still need to validate results on real
X \ LY
spectrum dataset. U owat M wil e k&M

3.3 Uranium Enrichment Measurement Experiment

The ability for an ANN to preform isotope quantification for uranium enrichment measure-
ments was investigated. This work also explored if dimension reduction techniques (PCA
and autoencoders) improved ANN performance over using the full spectrum as ANN input. W'\\.
As seen in Figure 3.1, PCA and the autoencoder stopped learning before the full spectrum[ Ak
This indicates that using the full spectrum as ANN input may be superior to using dimension
reduction techniques for this problem.
Table 3.2 also shows that using the full spectrum as ANN input is superior to dimension
reduction tﬁesl;lrils 1\1;3; This table also shows that the ANN is best at identifying *°U. The
accuracy of U235 implies that ANN is not learning calibration drift well. The 186 keV peak

from 25U has no overlap, even with gain drift, with the other isotopes in the training library.
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Mean Square Error (10°)
Isotope Al PCA Autoencoder
Spectrum
U235 0.86 3.9 6.9
Pa234m 3.5 4.1 6.6
U238 4.8 5.2 7.37
U234 4.4 6.1 7.1
Th234 5.6 6.4 7.1
Th231 6.0 6.7 7.4
Average 4.2 5.4 7.1

Figure 3.2: Table showing the average mean square error from 1000 simulated enriched
uranium spectra.

This allows the ANN to accurately identify it. Conversely, 23!Th and ?*Th emit similar low-
q

-‘

energy gamma-rays. These become easily confused with gain drift. This implies that gain

correct1oni 1sotope 1dent1ﬁcat1o@quant1ﬁcatlon should be handled b@eparate

algorithms. Suggestions for improvements for this will be explained in later sections.

10
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CHAPTER 4

FUTURE WORK AND PROPOSED EXPERIMENTS

5
%eklvdex%kaﬁ""'\ ol ok, @adhegs |
Vecvegm ot may orfornd and prive, WL ot it

re—tormance.
There are a number of experiments [Ny eHeIyIGcHGCHGESNIITNERTONNSIeen

@@E. These experiments are described in this section.

4.1  Autoencoders

While autoencoders were touched on in the uranium enrichment work, they have not been

explored thoroughly. There is some evidence that the autoencoder was overtrained to the

A special case of denoising autoencoders will be explored for the ANSI dataset. In previous
work, a single ANN had to learn to differentiate the varying background signal from the
source signal. In addition to this, the ANN also had to learn gain correction. By training
an autoencoder to reconstruct a background=subtracted and gain=corrected spectrum, the
task of isotope identification is simplified for the ANN. This may result in more accurate

identifications. ¢ P\MV\ U WALIAA Mas ot J(W\N\N\\\\ ‘('\'WS\’

In addition to using fully connected autoencoders, it may be more effective to use a 1-D

convolutional autoenco ecause gamma-ray spectra have local structure in the
form of photopeaks and Compton continua, convolutional ANN structures may be able to
more easily extract information from spectra than fully connected ANNs. Fully connected

ANNs do not assume there is local spatial structure in a signal, so the fully connected ANN

would need to learn that there is local structure.| Convolutional ANNs assume there is local
structure, and the extent of this structure can be changed by changing the length of the
convolutional ANNSs filters.

Once the autoencoder is trained, the hidden layer and output layer (representing the

reconstructed spectrum) will be used to train a separate ANN for isotope identification and

11
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quantification. The performance of these ANNs will be compared.

4.2 Additional Simulated Detector Models

oddikioval
Simulating-additien-Nal detectors using GADRAS may help the ANN generalize to different

detectors. To begin this process, two 2-inch by 2-inch Nal detectors will be modeled using
GADRAS and their properties will be changed (for example: crystal dimension, calibration,
scattering environment). The number of different detectors modeled will be increased and the

generalization performance of the ANN will be evaluated. The@a‘cion perfor@ ;

can be calculated by checking the ANNs performance on spectra produced by a detector

whose properties the ANN has not seen during training.

N

. ) . \

4.3 Mixture Validation Dataset Q”ét&
\S

A real dataset of real spectra % needed to confirm the/modelsperformance. Mixtures of

laboratory isotopes can be made. Mixtures will vary by signal-to-background ratio by varying

source-to-detector distance and integration time. Isotopes available are: °Co, 37Cs, 33Ba,

152K, 22Na, and others. MJ\L W‘M '\)\ML (\MN"\)WW ﬁ 3@*04'&5 d% Yaw

fo et e
4.4 DBagging

Each time the ANN trains, it produces slightly different identification results and perfor-
mance. Bagging (bootstrap aggregating), or the process of averaging the outputs of many
ANNSs, can reduce the variance in the output [27]. In addition to this, bagging more ac-

curately displays the true performance of a given ANN structure. The number of ANNs

included in the bagging process will be explored. ——> ) d e M .‘M uher

12
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4.5 K-folds cross validation

K-folds cross validation will be incorporated into the model. Cross validation is the general
method of determining how well a model will generalize to a dataset the model has not seen.
K-folds cross validation does this by splitting the available data into#k#subsets. From these,
k-1 subsets are used to train the ANN and the remaining subset is used as the validation
dataset. This process is repeated, using each subset once as the validation dataset. Similar
to bagging, cross validation will more accurately analyze how well the ANN structure will

perform.

4.6 Latin Hypercube Sampling for Training Set Construction

Currently, the training set is constructed using random combinations of isotopes with random
count rates. Because random sampling does not guarantee the training space is well sampled
and often produces clusters, this may not be a good method to construct the training dataset.
This may lead the ANN to learn a bias for random clusters in the training set. A way to
reduce the chances of clusters and more uniformly sample the input space is using Latin
hypercube sampling (LHS). LHS partitions each dimension of a space into N equal parts.
The space is then sampled using N points, ensuring that there is only one point along each
partition in each dimension.

To quantify how much LHS helps identification for a given data space, ANNs will be
trained with an increasing number of samples. The ANNs performance on a real dataset

will then be measured and compared. It is expected that at a certain number of samples the

ANN performance will reach an asymptote.,, The number of samples may change for each

data space (no shielding, shielding, uranium enrichment) depending on the complexity of

the problem.

t may
//MA/\ on o\€k1MP+D)“’~/ Mﬂh‘i«
nprs

13


KDH

KDH


' muthod
F\rﬁ-#@»—’W%ﬁ shondd enplasn- Horopr

4.7 Model Confidence Using the Dropout Uncertainty Method

We can exploit the dropout method used to regularized the ANN to get a confidence measure
given a spectrum [28]. Once the ANN is trained, an unknown sample is presented to the
model and the solution is recorded. Dropout is then used on the model using the same
dropout probability that was used to train the model. The same unknown sample is then
passed through the ANN and the answer recorded. This process of dropout and recording
the resulting output is repeated. The variance of the outputs from this process can be used
to determine the ANNs confidence in a given pattern. ’{

A few results are predicted ysirg the ANN confidence™t is also expected that high signal-

to-background measurements and isotope mixtures of a few components will have a high

model confidence. It is expected that low signal-to-background measurements and mixtures
of many components will have a low model confidence. Additionally, the model confidence
with an isotope not included in the training set should be very low. This confidence measure

may be used to reduce the false alarm rate when performing isotope identification.

4.7.1 New Training Stopping Condition

ANNS need a condition to stop learning. This condition is typically when a certain allowable
error in a validation dataset is reached or when the training error does not appreciably
decrease over time. Previously in @#lld work, the stopping condition has been based on the
cost function the ANN is trying to decreasel the cross entropy. It may be better to stop
training when a more useful metric. One metric could be when the maximum error in the
training set reaches a certain threshold. Another metric could be to stop training when the

ANNSs mean squared error for a validation set stops decreasing.

14


KDH

KDH

KDH

KDH

KDH

KDH


CHAPTER 5

CONCLUSION
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