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Abstract:

This paper describes a methodology to identify partial 
defects in modelled spent nuclear fuel using passive 
gamma spectroscopy data. A fuel library, developed with 
Serpent2, was used to calculate the material composition 
of spent nuclear fuel. Two fuel configurations were 
investigated in this work; one where the fuel assembly 
configuration was intact and one where 30% of the fuel 
rods were substituted with stainless steel rods in a random 
configuration. Emission and detection of gamma radiation 
from 134Cs, 137Cs and 154Eu was simulated using a model of 
a passive gamma spectroscopy measurement station 
mimicking the Clab measurement station in Sweden. 
A simple HPGe detector model was implemented, and its 
detector efficiency was assessed using a range of different 
source energies. Realistic total gamma attenuation 
coefficients were calculated using the XCOM database. 
The modelled estimates of detected full-energy peak 
counts were then used in a Principal Component Analysis 
in order to investigate whether it was possible to 
distinguish between intact and partial defect fuel 
assemblies or not. The results showed that partial defects 
could be identified using the simultaneous analysis of all 
three peak intensities, and that the ability to do so 
increased when only gamma emission energies from 154Eu 
were considered.

Keywords: safeguards; partial defect; PCA; nuclear fuel; 
multivariate analysis;

1. Nuclear safeguards and the verification
of spent nuclear fuel

1.1 Verification of spent nuclear fuel using 
the existing safeguards framework

Under the Non-Proliferation Treaty [1], nuclear material 
needs to be safeguarded to ensure that it is not being di-
verted and used for non-peaceful applications. For this 
reason, spent nuclear fuel is regularly verified by nuclear 
safeguards inspectors. The inspectors are able to perform 
non-destructive assay (NDA) measurements on the fuel, in 
order to draw conclusions on the completeness and cor-
rectness of declarations. This is especially important 

before placing the fuel in so-called difficult-to-access stor-
age where re-verification is not possible.

During the past decade, efforts have been ongoing to in-
crease the capability to detect so-called partial defects in 
spent nuclear fuel, whereby a fraction of the nuclear mate-
rial has been diverted or substituted. The efforts concern 
investigations of partial defect detection capability in main-
ly two different categories of nuclear safeguards instru-
mentation: i) instrumentation currently used in safeguards 
inspections, such as the Fork detector [2-4]) or the Digital 
Cherenkov Viewing Device (DCVD) [5]) and ii) instrumenta-
tion under development, or recently developed, for en-
hanced safeguards assessments such as partial defect 
detection [6,7]. In addition to these two categories, there 
are general detection techniques that could be investigat-
ed for enhanced safeguards performance and partial de-
fect detection capability, such as passive gamma spec-
troscopy, which is the topic of this work. Earlier safeguards 
studies have shown the relevance of this technique [8,9].

The current partial defect detection level for spent nuclear 
fuel is on 50% of the fuel rods, but with the recent intro-
duction of the passive gamma-emission tomography in-
strument denoted PGET, it is believed that verification of 
partial defect level on the single rod level will be possible 
[7]. However, it has also been shown [10] that if a sampling 
plan is to be developed for the verification procedure, it 
would be advantageous to also have additional instru-
ments with partial defect detection capability at levels 
somewhere between the 50% level and the single pin lev-
el. High-resolution gamma spectroscopy is a measure-
ment technique that can be envisaged for this purpose, 
since some facilities already have the equipment in place 
and is already used to verify operational parameters such 
as burnup (e.g. ASEA-ATOM facilities such as all the 
Swedish nuclear power plants and Clab [11]), whereas oth-
ers could plan for such equipment when planning for or 
constructing new facilities (such as the planned encapsu-
lation facility Clink in Sweden).

1.2 This work

It has been reported over the past years that there is a need 
for efficient and cost-effective safeguards verifications from 
the International Atomic Energy Agency (IAEA), and the use 
of machine learning tools and artificial intelligence in nuclear 
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safeguards is being investigated for different purposes [12-
14]. Accordingly, investigating ways to make optimal use of 
data that has already been, or can be, collected using auto-
matic machine learning tools is of high priority.

Against this background, this work presents a methodology 
that can be used to investigate whether or not partial de-
fects can be identified in spent nuclear fuel assemblies, us-
ing a modelled passive gamma spectroscopy response and 
differences in gamma attenuation. The software that has 
been developed for geometric efficiency calculations is al-
ready publicly available [15] and the scripts that have been 
written for this specific work are available on GitHub [16]. 
The choices made by the authors in this work considering 
the measurement station, the gamma detector (type, geom-
etry and design) as well as the spent nuclear fuel itself can 
be defined and changed by the user. For that reason, the 
results of the analysis here should merely be seen as an ex-
ample of what information that can be obtained using this 
methodology, given the choices made by the user.

2. Spent nuclear fuel handling in Sweden

Sweden currently has six nuclear power plants (NPPs) in 
operation. After discharge from the reactor, the fuel is 
cooled in a fuel pond at the reactor site for around 1 year 
before it is shipped to Clab. SKB, the company that owns 
Clab, handed in an application to construct and operate 
a final repository for spent nuclear fuel in 2011. So-far, the 
Swedish government has still not taken a stand on the is-
sue. According to the plans, the fuel to be encapsulated 
will cover a variety of fuel types (where BWR and PWR fu-
els are by far the most common types), fuel designs and 
fuel parameters [17]. The fuel assemblies are expected to 
have cooling times of up to around 70 years, while burn-
ups are expected to reach up to around 60 MWd/kgHM. 
Before encapsulation, which will take place in the future 
Clink facility, the fuel assemblies will reside in water ponds 
in Clab where they are stored underground, in baskets 
holding up to 25 fuel assemblies at a time (25 BWR fuel 
assemblies or 16 PWR fuel assemblies).

Fuel handling equipment exists both at the NPPs and at 
Clab, but there are essential differences. At the reactor 
sites, the equipment is constructed to be able to handle 
manipulation of complete fuel assemblies for loading/un-
loading into the reactor, but also individual fuel rods in 
case of fuel damage when a single fuel rod needs to be re-
moved/replaced. Clab has no equipment to handle individ-
ual fuel rods at all, and can only handle fuel assemblies in 
the reception area. At Clab, fuel assemblies are placed in 
baskets holding multiple fuel assemblies, before they are 
transported to the underground pools. The fuel handling 
machine in the underground pool area can only handle 
baskets. Partial defect verification is primarily of interest 
before transporting spent nuclear fuel to difficult-to-access 
storage, which means that such verification will most likely 

be done in the Clink facility, and neither at the NPPs nor in 
Clab. What fuel handling equipment or fuel assay instru-
mentation that will be available in Clink is not yet deter-
mined but it seems probable that only fuel elements (and 
not single fuel rods) will be handled. Based on this infor-
mation, it appears that the only facilities currently equipped 
to pull and replace fuel rods are the NPPs, whereas verifi-
cation of such defects is mainly planned take place in con-
nection to verification before placement in difficult-to-ac-
cess storage sites, long after such defects may be caused 
i.e. on long-cooled spent nuclear fuel, unless there are
specific reasons to require this type of verification at an
earlier stage such as a lost Continuity of Knowledge.

Hence, analysing remaining fission products with relatively 
long half-lives to possibly identify partial defects make 
sense, or one should recommend that partial defect verifi-
cation is performed much earlier.

3. Methodology to calculate and analyze the
number of counts in full-energy peaks

This section aims at describing the proposed methodology 
in different steps.

3.1 Overview of the methodology

A measure of the number of counts in the full-energy peak 
at a certain energy line in a gamma spectrum can be cal-
culated by

f E I E E Eg d( ) = ( ) ( ) ( )γ ε ε· · = I E Epγ ε( ) ( )· (1)

where I Eγ ( ) is the emission frequency of a certain energy
line, εg E( )  is the energy-dependent geometric efficiency
which describes the probability of a particle arriving at the 
detector from the source, and εd E( )  is the energy-de-
pendent intrinsic detector efficiency which describes the 
probability of a particle leaving its full energy inside the de-
tector. The multiplication of the last two efficiency func-
tions can be defined as the full-energy peak efficiency 
εp E( )  of the setup. In gamma spectroscopy measure-
ments of spent nuclear fuel, the emission frequencies 
I Eγ ( )  depend on the nuclide inventory of the fuel assem-
bly, and thus on its operational history and the amount of 
radioactive material in the assembly. Thus I Eγ ( )  will be af-
fected by a partial defect, but cannot in itself provide con-
clusive evidence of a defect. The geometric efficiency 
εg E( )  depends on the experimental setup (i.e. how far
away the detector is placed from the source and what kind 
of absorbing material that is placed between them), the 
geometry of the fuel assembly, and as it will be shown lat-
er, the operational history through the change of the total 
gamma attenuation coefficient of the fuel. Finally, the de-
tector efficiency εd E( )  depends on the geometry of the
detector. Therefore, in a given setup (where the location of 
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the detector and the assembly is fixed), the change in the 
geometric efficiency should provide evidence of the 
defect. 

In order to calculate the number of counts in different full-
energy peaks for a given burnup (BU), cooling time (CT), 
initial enrichment (IE), the three functions in Eq. (1) have 
been tackled separately. An overview of the proposed 
methodology is shown in Figure 1, and the different steps 
are described in detail in the following subsections. A sup-
plementary jupyter notebook and related python module 
can be found at [16] to demonstrate how the steps can be 
performed in practice.

In this work, a partial defect level of 30% has been consid-
ered because it constitutes an intermediate level to the de-
tection capabilities of other safeguards instruments availa-
ble today. 80 fuel rods were thus substituted against 
stainless steel rods in one random configuration, shown in 
Step 2 of Figure 1, where the pink fuel rods mark the steel 
dummy rods. The remaining low-enriched uranium fuel 
rods have the same material composition as those in the 
corresponding intact fuel assembly. The selected partial 
defect level and substitution material can be chosen differ-
ently, but the investigation of other configurations is out-
side the scope of this work and will be targeted in future 
research.

Figure 1. Summary of the proposed methodology
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3.2 Step 1 - Determining the spent fuel nuclide 
inventory

The spent fuel nuclide inventories were sampled from an 
already existing PWR spent fuel library. The samples in the 
library were created by performing depletion calculations 
in a pin cell model with the Serpent2 code [18]. Further de-
tails on the fuel library and how it was created can be 
found in [19]. The fuel library itself is available at [20].

For the current study, 200 spent UO2 fuel samples with 
a BU of 20-70 MWd/kgU and CT less than 30 years were 
randomly selected. Their respective concentrations of vari-
ous isotopic concentrations were then extracted. As 134Cs, 
137Cs and 154Eu contribute significantly to the gamma spec-
trum at the cooling times considered in this work, only the 
gamma lines summarized in Table 1 were included. How-
ever, the supplemented python code can be extended 
with additional nuclides and associated energy lines with-
out difficulty. The nuclide concentrations Cn  were convert-
ed into gamma-line emission activities An l, according to

A C
ln
T

In l n
n

n l,
/ ,

,=
( )

⋅
2

1 2

(2)

where the half-lives of the nuclides T n1 2/ ,  and the intensities 
of the energy lines In l,  are given in Table 1. One has to note 
here that in order to obtain the actual number of counts in 
a detector, these per-volume quantities need to be multi-
plied by the spent nuclear fuel volume contributing to the 
detector signal. However, as detailed later, in this work only 
the values per fuel volume were used (no absolute values).

Nuclide
Half-life 

(y)
γ-lines 
(MeV)

Intensities 
(%)

134Cs 2.065 0.563, 0.569, 
0.604, 0.795, 
0.801, 1.038, 
1.167, 1.365

8.338, 15.373, 
97.62, 85.46, 
8.688, 0.990, 
1.790, 3.017

137Cs 30.1 0.662 85.1
154Eu 8.6 0.723, 0.756, 

0.873, 0.996, 
1.004, 1.246, 
1.274, 1.494, 

1.596

20.06, 4.52, 
12.08, 10.48, 
18.01, 0.856, 
34.8, 0.698, 

1.797

Table 1: The gamma-ray emitting nuclides and their gamma-lines 
considered in this study.

3.3 Step 2 - Obtaining the accurate total gamma 
attenuation coefficients

Fresh light water reactor nuclear fuel consists of a mixture 
of uranium and oxygen, whereas spent nuclear fuel also 
contains a plethora of lighter fission products and heavier 
actinides. The difference in material composition as 
a function of BU impacts the attenuation of gamma rays, 
and was recently shown to be non-negligible in gamma 

spectrometry applications [21]. In order to accurately take 
into account and assess the impact of the change in the 
attenuating properties of spent nuclear fuel, we have cre-
ated an interface between the nuclide inventory data and 
the XCOM software which calculates total attenuation 
cross-sections of materials [22]. Step 2 of Figure 1 in-
cludes an example of the total attenuation coefficient cal-
culated for a spent fuel inventory.

3.4 Step 3 - Determining the full-energy peak 
efficiency

As pointed out previously, the full energy peak efficiency is 
determined by considering the geometric efficiency of the 
measurement setup and the detector ef f ic iency 
separately.

3.4.1 Geometric efficiency of the modelled setup

In this work, the actual dimensions of the experimental set-
up are not important per se, but used as an example to 
show how the methodology can be used for any arbitrary 
measurement setup. Nevertheless, the dimensions of the 
passive gamma spectroscopy station at Clab were adopt-
ed. At Clab, the spent fuel is placed in a fixture mounted 
on the pool wall with a ~50 cm distance between the cent-
er of the assembly and the pool wall. The fixture is able to 
rotate the fuel assembly and also move it in axial direction. 
In the 2m thick concrete pool wall, there is an air-filled hole, 
partially filled with a steel collimator. The steel collimator is 
made of two massive steel half cylinders, covered with 
a steel window. The height of the collimator slit can be ad-
justed in the range of 1-3 mm to allow for different count-
ing rates in the detector. The length of the steel collimator 
is 1.2 m, and the distance from the center of the fuel as-
sembly to the end of the collimator is 2.46 m. In the model, 
between the end of the collimator and the detector, 4 ab-
sorber sheets are placed (8 mm of lead, 3 mm of alumini-
um, 21 mm of steel and 1 mm of copper) in order to filter 
out low-energy gamma rays. The setup is described in 
greater detail in [23, 24].

The geometric efficiency of this measurement station was 
computed with the feign package [15] which implements 
a 2D ray-tracing method without build-up factors. The 
package allows the user to define a rectangular fuel as-
sembly, a pool around it, various absorbers and detector 
points with their associated collimators. A radial view of the 
geometry of the setup is shown in Step 2 of Figure 1. The 
geometric efficiency of the setup has been averaged over 
four detector locations, with each location facing one of 
the fuel assembly corners, thereby mimicking the rotation 
of the fuel assembly around the vertical axis in real-life 
measurements. This averaging plays a role in case the fuel 
assembly is asymmetric.
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In the current work, the geometric efficiency was evaluated 
for the two cases of an intact 17x17 PWR assembly (noted 
as “O” for original), and a 30% partial defect 17x17 fuel as-
sembly (later noted as “R” for random). The difference in 
geometric efficiency curves (as shown in Step 3 in Fig-
ure 1) demonstrates how manipulation of the fuel assembly 
may be identified.

3.4.2 Detector efficiency

A simple HPGe geometry with a crystal diameter and 
length of 60.5 mm and 61 mm was simulated. The core 
hole diameter and depth were 12 and 51 mm, respectively. 
Serpent2 simulations were made with a pen-beam source 
placed 1 cm above the central axis of the detector crystal 
for several source energies. A damped exponential func-
tion was fitted to the detector response to describe the 
detector efficiency curve, as shown in Step 3 of Figure 1. 
For fitting the function

ln a b ln
E
f

c ln
E
f

d ln
E
f

e ln
E
fd

2 3 4  (3)

was used, as proposed also in [25]. The fitting and the val-
ues of the parameters are available in the supplemented 
notebooks.

3.5 Creating the feature matrix and PCA

The previous sections summarized how each of the func-
tions of Eq. (1) can be estimated. The following step is to 
multiply the functions for each considered gamma-ray en-
ergy emitted by the given spent fuel. Finally, each fuel 
sample can then be represented by a multi-dimensional 
feature vector, with each feature vector corresponding to 
the full-energy peak counts for all isotopes as described 
by Eq. (4). The sum of the feature vector was normalized to 
1 as shown in Eq. (5), in order to give all features fi  (de-
spite possible differences in magnitude) the same impor-
tance in the multivariate analysis  (in the current case typi-
cally the 137Cs peak would have such an impact).
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Since 200 nuclide inventories were used and the geometric 
efficiency was calculated for both intact and manipulated 
fuel, the analysis includes 400 feature vectors, which can be 
arranged into a feature matrix. In the feature matrix, each 
row corresponds to the feature vector of a specific spent 
nuclear fuel sample, and each column corresponds to the 
full-energy peak counts for a certain gamma-ray energy. 
The matrix underwent standard scaling meaning that for 

each column the mean is centered to 0 and the variance is 
renormalized to 1. The feature matrix is often referred to as 
a predictor matrix, since it is used to predict targets or re-
sponses which can be assigned to each sample. Such a re-
sponse could be for example the reactor type for classifica-
tion problems, or the fuel parameters BU and CT for 
regression problems. In this work, the response was wheth-
er or not the fuel assembly was intact. Through a simple en-
coding, the label “0” was assigned to samples of intact fuel, 
and the label “1” to all other samples, and all responses 
were collected in the so-called response vector.

A feature ranking was performed on the data matrix to in-
vestigate the importance of the different gamma-ray ener-
gies in the classification of the fuels, based on the so-
called Pearson’s correlation score between the energies 
and the responses. The correlation score defined as

corr x y
E x y E x E y

i
i i

x yi

, %( ) = ( ) − ( ) ( ) ( )⋅ ⋅

⋅
⋅

σ σ
100  (6)

was used to rank the features according to their importance. 
Here xi  can be a column of the feature matrix, or a vector 
derived from several columns (eg. the ratio of two peaks).

Since the data is multidimensional (18 full-energy peak 
counts), it is difficult to visualize. A widely used dimension-
ality reduction technique called Principal Component Anal-
ysis (PCA) [26,27] was applied to investigate patterns with-
in the data set, and analyze whether intact cases could be 
distinguished as such. PCA uses an orthogonal transfor-
mation to convert the original set of possibly correlated 
features (eg. multiple full-energy peak counts from the 
same isotope are necessarily strongly correlated) into a set 
of linearly uncorrelated variables. These variables are 
called Principal Components (PCs). The number of PCs is 
less than or equal to the original dimension of the feature 
vector. In the current study, the Scikit-learn python li-
brary [28] was used to perform the PCA.

3.6 Approximations and assumptions made in 
the analysis

In the analysis, many simplifying assumptions have been 
made:

• There has been no attempt to estimate an absolute
number of counts in any of the selected full energy
peaks, only an estimate of the number of counts per
source volume and unit time. Due to this, certain effects
were neglected such as an estimate of the fraction of the
fuel assembly seen by the detector. This is in turn related
to the exact dimensions of the collimator slit, which is 8.5
cm wide and variable in height. In an estimation of the
absolute number of counts in a  detector, a  surface
source with an angular distribution is a better approxi-
mation than the pen-beam source model used in the de-
tector efficiency simulations here.
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• No measurement noise is included in the analysis, but it is
also not considered to be of major importance to this
work since there are no attempts made to estimate an ab-
solute number of counts. However, various (constant)
background levels could impact the capability to correctly
determine peak areas to use in the analysis, and hence
such effects should be looked closer upon in future work,
as absolute count rates are also taken into account.

• Since the absolute number of counts is not of interest,
there has been no need to look into aspects concerning
calibration issues of the detector setup.

• The electronic equipment needed for the gamma spec-
troscopy measurements has not been considered or
modelled.

• There has been no attempt to actually train a classifier
algorithm nor to estimate uncertainties in the results from
considering different partial defect patterns, substitution
materials or uncertainties in the operator-declared values
IE, BU or CT. Also, only a standard irradiation cycle has
been considered in the depletion calculations.

• Although the change in the attenuation coefficient of the
spent fuel due to BU was taken into account, the change
in the density and rod radius due to swelling was not
considered. Also all rods within the same spent fuel as-
sembly were considered to have identical burnup and
inventory.

One could imagine to consider multiple approximations 
using some constant shape factor. If doing so, the con-
stant would disappear in the normalization of the feature 
matrix, and thus in a noise-free (i.e. infinitely long) meas-
urement it would have no impact.

4. Results and discussions

4.1 Feature ranking

The correlation between the features and the response 
vector were evaluated according to Eq. (6) and the correla-
tion scores are given in Table 2. The 154Eu lines have the 
highest correlation score to the identification of partial de-
fects in the fuel, and the higher the gamma-ray energy is 
the higher the correlation score is. One can see that the 
correlation scores are lower than 10% for each feature, 
which indicates that peak counts from one single gamma-
ray energy does not carry much information on whether 
the fuel is intact or not. The low correlation scores are ex-
pected, since replacing fuel rods will impact the probability 
of low and high energy photons reaching the detector dif-
ferently. For example, low-energy photons reaching the 
detector originate most probably from the peripheral rods, 
since the central rods are shielded. Thus, replacing the pe-
ripheral fuel rods will have a larger impact on the low-ener-
gy range of the geometric efficiency than on the high-ener-
gy range. Accordingly, including multiple peaks in the 
analysis should correlate more to the response vector.

Nuclide, 
γ-line (MeV)

Corr. Score 
(%)

Nuclide, 
γ-line (MeV)

Corr. Score 
(%)

154Eu, 1.596 9.55 134Cs, 0.563 1.44
154Eu, 1.494 9.21 134Cs, 0.569 1.39
154Eu, 1.274 7.95 134Cs, 1.038 1.37
154Eu, 1.246 7.73 134Cs, 0.604 1.10
154Eu, 1.004 4.99 137Cs, 0.662 0.85
154Eu, 0.996 4.88 154Eu, 0.756 0.62
154Eu, 0.873 2.92 134Cs, 0.801 0.24
134Cs, 1.365 2.28 134Cs, 0.795 0.21
134Cs, 1.167 1.81 154Eu, 0.723 0.12

Table 2: Correlation scores of normalized peaks to class

One way to include multiple gamma-ray energies in the 
feature ranking is to calculate peak ratios for all possible 
combinations of the 18 gamma-ray energies. This was 
done here and the correlation scores were then re-calcu-
lated for the ratios and the response vector. In this case, 
the feature matrix was not standard scaled, since the 
scaling would obscure any correlations. The number of 
correlation scores are more than a hundred, and not eas-
ily shown in a table, but it is worth pointing out that the 
correlation scores dramatically increased. The highest 
correlation score, 99.34%, was obtained for the ratio of 
the 1.494 MeV and 1.246 MeV peaks of 154Eu. In general, 
the ratios involving the different 154Eu and 134Cs gamma-
ray energies resulted in very high correlation scores (over 
90%), whereas correlation scores in which 137Cs was in-
cluded were below 7%. This shows that 137Cs, having 
only a single energy line, is not helpful in classifying par-
tial defects based on the changes in the geometric effi-
ciency and that indeed a multivariate approach is needed 
when verifying partial defects with passive gamma 
spectroscopy.

4.2 Principal Component Analysis

Using the feature matrix described earlier, a Principal 
Component Analysis (PCA) was performed. Figure 2 illus-
trates the first three Principal Components (PCs), i.e. the 
three PCs that account for the largest variance in the 
data when all the 18 gamma lines from Table 1 are in-
cluded in the matrix. One can observe that the two cas-
es, “O” and “R”, are well-separated in the three-dimen-
sional space spanned by the three first PCs. However, it 
can be also noticed that only the third PC bears any in-
formation on the identification of partial defects. Further 
investigations show that the variability in the first two PCs 
is caused by the so-called nuisance parameters BU and 
CT i.e. parameters which are not of direct interest but 
that must be taken into account in the analysis. Figure 2, 
displaying the two parabola-shaped clusters of data 
points, illustrates that the first two PCs are dominated by 
the CT-dependence of the fuel samples. The longer the 
cooling time is, the less pronounced the separation be-
tween the two cases is.
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Figure 2: Principal Components of the dataset with all 134Cs,137 Cs and 154Eu peaks included.

There are several options available to suppress the impor-
tance of BU and CT in the data. Two options are to correct 
for the CT if that information is available (in practice often 
that is a value to be verified), or to use ratios of counts in 
different full-energy peaks. Here, an even more straightfor-
ward approach was used: the feature ranking implied that 
the 154Eu lines carry the most relevant information when 
classifying fuel samples and thus only information on those 
gamma-ray energies were kept in the feature matrix. Since 
the 154Eu concentration in the spent nuclear fuel is the 
same no matter what 154Eu gamma-ray energy that is ana-
lyzed, one can expect that the impact of BU and CT be-
comes suppressed in the PCs. This can in fact be seen in 
Figure 3, which also shows the impact of using the actual 
total gamma attenuation coefficient. The left panel of Fig-
ure 3 shows the first two PCs for the case when the total 
gamma attenuation coefficient from XCOM was taken into 
account for each fuel sample. One can observe that now 
already the first PC provides information on the presence 
of partial defects, and that the spread in mainly the direc-
tion of PC-2 is due to the variation of BU (and hence atten-
uation) among the fuel samples. In the right panel of Figure 
3, the first two PCs are illustrated for the case when the to-
tal gamma attenuation coefficient corresponding to fresh 
fuel was used for each sample. It is seen that this simplify-
ing assumption leads to the removal of any BU and CT de-
pendencies in the data, and that all the fuel samples end 
up at the exact same place on the PC coordinate system. 
Apparently, the impact of nuisance parameters has been 
successfully eliminated. It is also clearly seen that it is suffi-
cient to only consider the first PC in order to correctly 
identify partial defects in the spent nuclear fuel assemblies 
in this case. However, the difference between the right and 

left panels show that the impact of the change in the at-
tenuation coefficient is not negligible. Thus, in a practical 
case when the presence of partial defect (on any level) is 
to be predicted based on a measured gamma spectrum, 
the predictor model needs to be trained with data which 
accounts for that.

5. Conclusions

The current paper described a fast, robust and flexible 
methodology to estimate and analyze full-energy peak 
counts in passive gamma spectroscopy measurements of 
spent nuclear fuel. The methodology evaluates the mod-
elled counts-per-volume and time in a simple HPGe detec-
tor, by separately taking into account the activity of differ-
ent gamma-emitting nuclides in the spent fuel, estimating 
the geometric efficiency of the measurement setup and 
simulating the intrinsic detector efficiency of an HPGe de-
tector. The methodology is flexible in the manner that the 
user may define a different measurement setup or detector 
design to study.

An application of this methodology was shown here. The 
purpose was to investigate the possibility of identifying 
partial defects in spent nuclear fuel. The modelled fuel was 
intact 17x17 PWR fuel assemblies and manipulated 17x17 
PWR fuel assemblies, suffering from a 30% partial defect 
level. It was shown that the geometric efficiency did in fact 
depend on the presence of the partial defect, due to the 
different attenuation of low and high-energy gamma-rays 
by the fuel assembly itself. For 200 spent nuclear fuel sam-
ples, the per-volume and unit time counts in the full-energy 
gamma peaks of 134Cs, 137Cs and 154Eu were estimated 
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and analysed with PCA. It was shown that just by using 
the peak counts-per-volume and time without any calibra-
tion, one can distinguish intact and manipulated fuel, how-
ever the BU and CT parameters act as nuisance parame-
ters and need to be accounted for. As a solution found 
here was to only include the 154Eu lines in the analysis. It 
was also shown in the analysis that considering a more re-
alistic total gamma attenuation coefficient rather than 
a simplified fixed value, impacts the per volume and time 
counts in the detector and thus also the classification to 
some extent.

The possible draw-back identified with the use of only Eu-
154 is its relatively short half-life of 8.6 years. In the verifi-
cation of spent nuclear fuel before encapsulation, it is likely 
that many fuel assemblies will have a very long CT and 
thus there will be little Eu-154 left to detect. A solution to 
this could be to perform the partial defect verification earli-
er, for instance in connection to receiving the fuel at Clab, 
or even before shipping it to Clab from the NPP sites. The 
fact that the receiving facility does not have capability to 
manipulate spent nuclear fuel on the single rod level, in 
combination with Containment and Surveillance measures 
and other tools available to ensure that Continuity of 
Knowledge is kept, could possibly enable partial defects to 
be reliably detected.

6. Outlook

Since this paper mainly focused on the methodology and 
on giving a proof-of-principle, it was not intended to cover 
a large set of various partial defect scenarios. Neverthe-
less, we have begun the continuation of this work in which 
the methodology is used to investigate a large number of 
different partial defect patterns as well as different partial 
defect levels and different substitution materials.

Also, as the continuation of this work we would like to in-
vestigate how robust the methodology is to measurement 
noise. For this we will need to estimate the absolute value 
of the peak counts. In order to achieve that we are current-
ly extending the software feign to handle 3D effects such 
as the impact of the fan-shaped view-angle of the collima-
tor, and we are also going to improve the detector efficien-
cy simulations to take into account a more realistic surface 
source.

Finally, it has to be noted that performing the PCA provid-
ed only an opportunity to visualize whether intact and ma-
nipulated fuel could be identified, although a proper classi-
fication method has not been developed. The next step 
will be to train classification methods, such as for instance 
artificial neural networks, and assess how well intact fuel 
can be discriminated from manipulated fuel in the pres-
ence of noise and to get an indication of the lowest level of 
partial defects that can be reliably detected with passive 
gamma spectroscopy.
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