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A B S T R A C T

Verification of fuel parameters is a central undertaking for nuclear inspectors aiming at verifying the
completeness and correctness of operator declarations. Traditionally, such verification is done analysing data
from one instrument at a time. Here we present a study based on simulated data from various non-destructive
assay measurement techniques applied on modelled PWR nuclear fuel assemblies. The data comprised multiple
signatures and were analysed using machine learning algorithms. These signatures included activities from
gamma-ray emitting fission product radionuclides, the parametrised early die-away time 𝜏 from the prototype
Differential Die-away Self-Interrogation (DDSI) instrument, as well as the total Cherenkov light intensity which
is directly measurable.

The objective of the work is to systematically explore the capability to predict values of the fuel parameters
initial enrichment (IE), burnup (BU) and cooling time (CT) independently of operator declarations, using
Random Forest regression and modelled pressurised water reactor (PWR) fuel.

The results show that passive gamma-ray activities alone can be used to predict IE, BU and CT for CT<20
years, and that by adding a feature proportional to the total gamma-ray activity, the errors in the predictions
are significantly reduced. In this work, two measures proportional to total gamma activity have been studied:
the sum of all considered gamma-ray intensities, and the total Cherenkov light intensity. From this work it
was concluded that for fuels with CTs between 20 and 70 years, CT can be well determined by a multivariate
analysis of the activities of 134Cs, 137Cs, 154Eu. For a BU determination, an additional feature corresponding
to total gamma activity is required. This is, however, not sufficient to determine IE, which requires inclusion
of the neutron signature 𝜏 as well.

1. Introduction

For safeguards verification, inspectors need to verify spent nuclear
fuel assemblies with respect to correctness of declarations and com-
pleteness of the declarations associated with individual nuclear fuel
assemblies. One of the main goals is to determine that the spent fuel as-
semblies indeed contain nuclear material (gross defect verification) and
that no diversion of part of an assembly has taken place (partial defect
verification) [1]. Before placing fuel in difficult-to-access storage, such
as dry storage or deep geological repositories, the completeness and
correctness of the operator declared data must be verified to a high
precision, since re-verification of the data may be difficult or impos-
sible [1]. The declared information typically includes declared fissile
masses, isotopic composition, initial enrichment (IE), burnup (BU) and
cooling time (CT). Although the fissile masses are the main concern
in nuclear safeguards, non-destructive assay (NDA) instruments used
in routine safeguards inspections do not provide direct estimates of
that (see for example [2]). Instead, computer codes can be used to
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calculate material (fissile) inventories in fuel assemblies using e.g. the
fuel parameters IE, BU and CT as input, together with other safe-
guards relevant information. Safeguards inspectors then use estimations
of IE, BU and CT from measurements to evaluate compliance with
declarations.

Nuclear safeguards verification of spent nuclear fuel utilises non-
destructive assay (NDA) instruments that detect gamma and/or neutron
radiation emitted from a spent nuclear fuel assembly, see for example
Refs. [2,3]. An inspector verifying spent nuclear fuel typically selects
one instrument and uses it to determine, for each measured fuel,
whether the fuel properties comply with declarations provided by the
operator or not. Recent developments have provided improvements
that enable on-line predictions to be made, which can be used in the
evaluation of measurement data [4]. Although several types of signals
from one instrument are already jointly analysed (such as in the case
of the FORK detector [4]), it is still uncommon for an inspector to use
more than one instrument at a time, and to rely on machine learning
algorithms to analyse the data.
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During the past years, the development of machine learning algo-
rithms, or multivariate analysis techniques, to analyse multiple sig-
natures from spent nuclear fuel for safeguards purposes has been
considered by both Uppsala University as well as the safeguards com-
munity. Uppsala University has been investigating the use of machine
learning to analyse gamma signatures from PWR fuels [5–8], neutron
signatures [9,10] and gamma signatures from BWR fuels [11]. Others
have for instance investigated the use of machine learning for partial
defect detection and plutonium contents in spent fuel [12,13], for
process monitoring at reprocessing facilities [14–18] and to determine
235U-isotope ratio of unknown bulk nuclear material [19]. The present
work extends beyond Refs. [5–11] by providing a comprehensive anal-
ysis using a much larger inventory of modelled fuel assemblies with
vastly varying fuel parameters, as well as includes estimations of sig-
natures from multiple non-destructive assay measurement techniques
from those fuel assemblies. The chosen fuel signatures match the type
of signatures that may be considered for verification of spent nuclear
fuel in a future Swedish encapsulation plant, and the range of modelled
fuel parameters covers most regular fuel in Sweden.

The objective of this paper is to systematically explore the capa-
bility to predict the fuel parameters IE, BU and CT using the random
forest regression algorithm and modelled pressurised water reactor
(PWR) fuel. The procedure is to first consider only activities of fission
products and then add information such as total activities from gamma-
ray emitting fission products (which can be related to intensities as
measured non-destructively by passive gamma-ray spectroscopy [20]),
the total Cherenkov light intensity (as measured by the DCVD [21])
and the parametrised early die-away time 𝜏 (as measured by the DDSI
instrument [22]).

2. Modelled nuclear fuel assemblies

A large fuel library containing 596,181 modelled spent nuclear fuel
samples has been used for this study. The IE of the fuel assemblies
varies between 1.5–5.5% in steps of 0.1%, BU varies between 15–70
MWd/kgU in steps of 0.5 MWd/kgU, and CT varies between 0–70 years
in steps of 3 months up to 10 years, then in steps of 6 months up to
40 years and after that in steps of 1 year. These ranges of IE, BU and CT
are intended to encompass all fuel parameter values that are expected
to be encountered in a future encapsulation plant. No attempt was made
to assess how reasonable different combinations of fuel parameters
were, which means that no fuel samples were removed even if their
combined fuel parameters are unlikely in an actual irradiation scenario
(such as an IE of 1.5% and a BU of 70 MWd/kgU).

All fuel depletion is done in Serpent2 [23] using criticality source
mode and an infinite 2D lattice. Each fuel rod is modelled as one pin
surrounded by water and with reflective boundary conditions. The fuel
rod radius is 0.41 cm, the inner cladding radius 0.42 cm, the outer
cladding radius 0.48 cm and the pitch 1.26 cm, corresponding to typical
PWR dimensions. A coolant density of 0.75 g/cm3 was used.

Each fuel irradiation cycle, except the last one, results in an increase
of the assembly burnup by 10 MWd/kgU and is defined to be 365
days long, followed by a 30-day outage period. In order to arrive at
the desired discharge burnup, the length of the last cycle was varied.
This result in a well-characterised fuel library without the variations
in fuel parameters and fuel properties found in actual fuel assemblies
due to irregular irradiation or varying power levels during a fuel
cycle. Although this approach may seem artificial, it is a pragmatic
starting point in a complex work which combines signatures of different
sources, obtained by different instruments. Furthermore, the objective
of this work is to learn what information each feature brings into the
analysis in order to better understand the simultaneous use of multiple
NDA-signatures. A more realistic modelling of the actual irradiation of
the fuel assemblies in a reactor, as well as the actual detection of the
different NDA signatures is beyond the scope of this work, but will be
included in forthcoming research.

3. Non-destructive assay signatures from spent nuclear fuel

In order to understand the information carried by the different
fuel signatures, and how to best utilise them in the verification, three
different types of signatures were modelled:

1. fission product activities, or their total sum, from Serpent2,
2. the total Cherenkov light intensity as calculated from the six

most important fission products, and
3. the early die-away time 𝜏 estimated from the Differential Die-

Away Self-Interrogation (DDSI) instrument using a
parametrisation function.

It should be noted that the considered NDA signatures are different in
nature. The total Cherenkov light intensity can be directly estimated
in a measurement using the DCVD instrument, whereas analysis of
measurement data is required in order to deduce the fission product
activities and the early die-away time 𝜏. Of the three signatures, only
𝜏 is sensitive to the fissile content (via the multiplication) of the spent
nuclear fuel. The gamma data as well as the Cherenkov light intensity
comes from the fission products.

3.1. Fission product activities

Fuel depletion is done using Serpent2, and as an output a list
of the radionuclide inventory is given in terms of atomic densities
(1024/cm3), which are converted to activities for use in the analysis.
The procedure is described in [6]. For this work, we have chosen to
use the radionuclide activities as an observable, although in principle
the detectable observable is a number of counts in a detector. For a
well-characterised detector setup with a known efficiency, the activity
can be calculated based on the gamma peaks observed using a straight-
forward relationship. Since the activity is a more general observable
not depending on choice of detector type, we chose to use it in this
analysis. In addition, estimating the activity rather than the detected
counts saves considerable computing time. In the analysis, the sum of
activities for each fuel assembly is normalised to 1, meaning that only
the relative importance of each included radionuclide is considered.
Each feature (i.e. each radionuclide activity, as well as the Cherenkov
light intensity and tau) undergoes independently so-called standard
scaling, whereby the mean value (𝜇) of each feature is removed and all
activities for that particular feature are scaled to unit variance using the
standard deviation 𝜎 according to ( 𝑥−𝜇𝜎 ). This procedure is a common
requirement for many machine learning estimators, which typically
assume that features are centred around 0 with unit variance. Perform-
ing this scaling also avoids that the algorithm focuses on (misleading)
differences in magnitude of different radionuclide activities, rather than
to analyse how the radionuclide activities change with varying IE, BU
and CT.

Although all activities can in principle be included, we have chosen
to rely on the results of previous work that has shown that a few
radionuclides contribute the most when it comes to the determination
of the fuel parameters IE, BU and CT [5], and eight of these are
considered in this work, listed in Table 1. These radionuclides are
significant since the half-life is long enough to make them detectable
after discharged from the reactor core, and since the radionuclides are
abundant and their gamma emission probabilities are large enough to
suggest that they can be measured. Note that the half-life of the eight
isotopes vary significantly, as shown in Table 1, ranging from months
to decades. Hence, the most short-lived isotopes in Table 1 will only
be detectable if the fuel assembly is measured within a few years of
discharge, while the more long-lived isotopes will be present at all CT.
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Table 1
Gamma-emitting fission products included in the analysis and their
respective half-lives.

Radionuclide Half-life Radionuclide Half-life
95Nb 35 d 137Cs 30.1 y
95Zr 64 d 141Ce 32.5 d
106Ru 374 d 144Ce 284.9 d
134Cs 2.065 y 154Eu 8.6 y

3.2. Total Cherenkov light intensity

Cherenkov light is created predominantly when gamma rays from
fission products Compton scatter on electrons in the water, thereby
giving the electrons a higher speed than the speed of light in water.
The estimated total Cherenkov light intensity is based on the five most
important fissions products in the spent nuclear fuel with cooling times
longer than one year: 144Ce, 134Cs, 137Cs, 154Eu and 106Ru, which to-
gether account for a minimum of 95% of the expected total Cherenkov
light intensity [24]. The total Cherenkov light intensity mainly reflects
the content of gamma-emitting fission products in the nuclear fuel. The
calculation of the Cherenkov light intensity is done using dedicated
software developed at Uppsala University [25] and describes the pro-
duction of Cherenkov light as a function of selected isotope activities.
The total Cherenkov light intensities undergone standard scaling in the
analysis, as described in Section 3.1.

3.3. Neutron die-away time

As a neutron signature, the early die-away time 𝜏 from the Differen-
tial Die-Away Self-Interrogation (DDSI) prototype instrument has been
used. The DDSI instrument was developed as part of the NGSI Spent
Fuel effort [26] and measures time-correlated neutrons from primarily
spontaneous fission events in spent nuclear fuel. As described in [22], as
the neutrons are detected, they form a Rossi-alpha distribution which
can be used to describe the decrease of the neutron population with
time, also known as the die-away time. However, the neutrons in the
Rossi-alpha distribution have different origin, and a fast and a slow
component with different die-away time constants can be identified.
The two components as well as their sum are shown and described in
detail in Ref. [22]. The fast component describes coincident neutrons
from the same spontaneous fission event or subsequent induced fast
fission events, and the die-away time of such neutrons is by large
governed by the geometry of the 3He tubes and the polyethylene. The
slow component describes coincident neutrons from different fission
events in the same fission chain, where the neutron-induced fission is
caused by a neutron that has first thermalised. The die-away time of
such neutrons is considerably longer than for those with a fast fission
origin and it is not as dependent on the detector setup and its details
(see e.g. Ref. [22]).

While the Rossi-alpha distribution is dominated by the slow com-
ponent at times > 100 μs, earlier time domains are described as a
sum of the fast and slow components. A single exponential fit to
the Rossi-alpha distribution in an early time domain (5–53 μs) gives
the so-called early die-away time, which has been found to reflect
the assembly net multiplication and hence the fissile content of the
spent fuel assembly [27]. However, determining 𝜏 using Monte Carlo
simulation tools such as MCNPX is a very time consuming process. In
the context of machine learning, where large data sets are required, a
quicker solution is needed. For this purpose a parametrisation function
was derived which calculates 𝜏 as a function of IE, BU and CT for intact
17 × 17 PWR fuel [28]. The parametrised 𝜏 with standard scaling is the
neutron signature used in this work.

4. The random forest model

Random forest algorithms are a further development of decision
trees, which are predictive models to either classify objects, or predict
continuous target variables using a tree structure. In fact, random
forests consist of a forest built up by multiple decision trees which
are grown as data is trained. Random forests fall in the category of
supervised learning, where a function is trained to map an input to an
output based on known input–output pairs, and they are known to be
straightforward and effective machine learning models for predictive
analytics [29]. One difference between random forests and decision
trees is that the former uses so-called ‘‘bagging’’ and that they are less
prone to overfitting. Bagging is short for bootstrap aggregation [30]
and means that multiple data sets are drawn from the same original
dataset, with replacement, and for each subspace sampling a tree model
is trained. By randomly selecting different features for each split in the
trees, the importance of less dominant features are highlighted in the
dataset. While single tree models are sensitive to changes in the data
and have large variances, averaging the variance of multiple models
reduces the variance.

In this work, we have used random forest regression in order to
estimate numerical values of the fuel parameters IE, BU and CT. In
regression analysis, the objective is to determine dependent variables
(Y) which in our case are the fuel parameters, using so-called features
(X) which correspond to observations in the dataset. In this work, we
have considered four types of features, all of which have undergone
standard scaling as described earlier:

(i) the relative radionuclide activity per fuel assembly (with the
total activity of each fuel assembly normalised to 1),

(ii) the relative total activity of an assembly compared to the other
fuel assemblies in the dataset,

(iii) the total Cherenkov light intensity
(iv) the parametrised early die-away time 𝜏.

It should be noted that both (ii) and (iii) provide a feature proportional
to the total activity of the fuel assembly, and are expected to contribute
the same information to the analysis. We also note that applying
standard scaling of the Cherenkov light intensity and tau did not affect
the results at all, which is expected for the random forest algorithm.

In order to make predictions, the data is split into three data
sets: a training set, a validation set and a test set. The training set
is used to build up the model based on known information on what
features correspond to what dependent variables. In order to increase
the predictive power of the model or make it faster, model hyper
parameters must be tuned using the validation dataset. Finally, the test
data set is used to provide an unbiased evaluation of the performance
of the optimised model on unknown data.

4.1. Building the model

In this study, it was decided to split the available data, consisting
of 596,181 samples, into a training data set, a validation data set and a
test data set according to the fractions 60%, 20% and 20%, respectively.
The analysis using random forests was done in Python 3.6 using Scikit-
learn [31] and the fuel parameters IE, BU and CT were determined
independently of each other (i.e. in parallel).

For the fission products, there exists in reality a detectability thresh-
old below which it will not be possible to detect radionuclides in a
spectroscopic measurement. This threshold depends both on the pro-
cedure to measure the radionuclides, the specific detector setup, noise
levels and factors related to the fuel assembly itself (see Section 5.4.1
for more information on measurement precision). Since details on mea-
surement setups are outside the scope of this work, we have mimicked
the detectability threshold with an activity threshold, that also results
in that not all radionuclide activities are included in the analysis. The
activity threshold is here defined as a specified percentage (0.1%) of the
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minimum 137Cs activity in the dataset used for analysis, because 137Cs
is the fission product that remains to be measured the longest in the
fuel. In the full dataset, the lowest 137Cs activity is found for the fuel
assembly with IE = 5.5%, BU = 15 MWd/kgU and CT = 70 years, i.e. the
largest IE and CT values and the lowest BU value. All radionuclides with
an activity above the threshold value are kept in the analysis, while
lower activities are set to 0.

Associated with a random forest regression model are so-called hy-
per parameters which are parameters of the model used to optimise its
performance. Hyper parameters come with default values, but the user
should investigate whether those are appropriate or if other values give
a better performance. In random forest regression, the most important
hyper parameters to tune are:

• n_estimators: the number of trees that the algorithm builds before
taking the maximum voting or average over predictions. A high
number of trees increases the performance and makes the predic-
tions more stable, but makes computations more demanding.

• max_features: the maximum number of features that the random
forest considers on a per-split level. The condition is based on
variance for regression.

• min_samples_leaf: the minimum number of leafs that are required
to split an internal node.

‘‘GridSearchCV’’ is a built-in function in Scikit-learn created to opti-
mise hyper parameters by making an exhaustive search over selected
parameter values. The best random forest estimator is found from the
average of R2-scores of left-out test folds in the grid search. Here, 5
folds were used. The hyper parameters have been optimised for each
prediction and the resulting values are presented in the result section
in the paper, except for the ‘‘min_samples_leaf’’ which was set to 1 by
the algorithm in all cases. The hyper parameters used in this work are
listed in Appendix.

5. Results

In this section we present the results of the work, starting with
the analysis of radionuclide activities in fuel with CT < 20 years in
Section 5.1. Sections 5.2 and 5.3 present results on analysis of fuels
with CT > 20 years. Section 5.4 shows results from sensitivity analyses,
including only fuels with CT > 20 years.

5.1. Analysis using single passive gamma-ray activities

In the first attempt to predict the fuel parameters with the proposed
methodology, we focus on radionuclide activities for fuels with CT <
20 years, since previous results have shown that such determinations
are possible [5]. At these CTs, all eight gamma-emitting radionuclides
listed in Table 1 are expected to be detectable for most of the CTs
considered, though at what CT an isotope is no longer detectable
depends on both the assembly and the detector setup. Fig. 1 shows
graphically a subset of those results, namely the true CT, BU and
IE values against the predicted ones, together with a display of the
respective feature importances as determined by the built-in method
in Scikit-learn.

We note in Fig. 1 that CT is the most straightforward fuel pa-
rameter to predict correctly, likely because the relationship between
activities and cooling time is the least complicated one. We also see
that predictions are slightly better for CTs up to around 10 years. This
analysis shows that 106Ru and 144Ce, both with half-lives of around 1
year, are important, as is 137Cs, while the most short-lived radionuclide
141Ce is rather unimportant. We can also see in Fig. 1 that it seems
more difficult to determine BU for fuels with a high BU as compared
to a low BU. The markers are graded with CT information, which
shows that the markers far from the straight line have a long CT,
while fuels with short CT better align on a straight line. In fact, it
seems that fuels with a CT of up to around 10 years (although the

actual limit depends on noise and what levels of activity that are
detectable) can be determined relatively well for all BU values. This is a
consequence of that the short-lived isotopes have decayed away, hence
there is less information to base the BU determination on, resulting
in less accurate determination. The same result is also found for IE,
which is encouraging; for short CTs, it seems possible to determine this
fuel parameter as well. For longer CT, the lack of short-lived isotopes
means that there is insufficient information available for an accurate IE
determination, hence the significant spread seen in the IE plot in Fig. 1.

Table 2 shows a more condensed version of the results. The table
shows the, most important fission products in the determination of CT,
BU and IE as selected by the algorithm, together with the resulting
Root Mean Square Errors (RMSE) in those determinations. The RMSE
value is the average RMSE value from repeating the CT, BU and IE
predictions ten times, and describes a global measure of how well the
fuel parameters can be predicted for all fuels. We note that the variation
in RMSE value as a function of training on different subsets of data is
very low. The uncertainties in the RMSE values (as shown in Table 2)
are the one sigma standard deviation of the RMSE values, showing the
low impact of the randomness inherent in the random forest training.

It is seen that these results confirm previous results, i.e. that it
makes little sense to predict the fuel parameters using passive gamma
spectroscopy alone for long-cooled fuel assemblies. At long cooling
times, a large fraction of the fission products has decayed considerably
and only one or a few radionuclides remain to be measured. With the
activity threshold, here arbitrarily placed at 0.1%, the predictions have
good accuracy up to about 10 years, and the accuracy worsens as CT
increases towards 20 years. Using higher activity threshold values and
increased levels of noise, the radionuclides included in analysis would
however be affected. While 137Cs is expected to be measurable at all
cooling times studied, 134Cs (with a half-life of 2.1 years) and 154Eu
(with a half-life of 8.6 years) are less likely to be present in long-cooled
fuel. Actually, the same effect is obtained for medium-cooled fuels using
a higher activity threshold. In reality, there will of course not exist an
activity threshold, and whether or not a radionuclide can be detected
will depend on a combination of cooling time, detector and measure-
ment settings (e.g. measurement time). Since such investigations are
beyond the scope of this study, we have simplified the situation to
only mimic the result of such choices, i.e. that a specific radionuclide is
detected or not. As a default, we use a value of 0.1% which is arbitrarily
chosen and in reality heavily dependent on the actual measurement
geometry, but can be adjusted to reflect the exclusion of short-lived
radionuclides with increasing CT. Activities below this threshold are
set to 0.

We also note in Table 2, that the RMSEs become considerably larger
for datasets with CT < 20 years as compared to CT < 10 years. This is
expected, since short-lived fission products have decayed. This means
that for fuels with CT < 10 years, it may be beneficial to first determine
CT over a larger interval of 0–20 years, and then make a second
iteration if the CT is found to be lower than 10 years.

One may question whether the RMSE, which estimates the root
mean square error for the entire test data set, is the proper error
measure to provide here. One must keep in mind that the RMSE is a
qualitative global measure of how well the trained random forest model
performs on the test dataset that constitutes 20% of the 596,181 fuel
samples. It is clearly seen in Fig. 1 that the errors in the determination
of BU are larger for fuels with CTs above 10 years as compared to those
with shorter CTs. This is further emphasised in the IE determination, yet
the RMSE value is not very high. In principle, relative MSE values could
be calculated for different subsets of the fuel data to more accurately
describe how these MSE values change. It would however require
subsets to be developed in 3-dimensions, and the interpretation of such
results are not straightforward. In this analysis, we have chosen to use
a single dataset (without subsets), and we also use the global RMSE
value to interpret the results.

With respect to the capability of the random forest algorithm to
select the most important radionuclides, this was studied by comparing
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Fig. 1. The true versus predicted fuel parameters (upper row) with a colour grading representing BU between 15 and 70 MWd/kgU in the left panel and CT between 0 and 20
years in the centre and right panels. The lower row shows the feature importance for the eight gamma-ray activities used in the predictions. The data describes fuel assemblies
with CT < 20 years. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2
Most important features for accounting of >95% of the total importance selected by the Random Forest algorithm in the determination
of the respective fuel parameters, together with the associated RMSE values. All eight gamma-emitting fission products were used in
the analysis.

CT BU IE

FPs RMSE [days] FPs RMSE [MWd/kgU] FPs RMSE [%]

CT < 10 y 137Cs,
106Ru
95Nb,
144Ce,
95Zr

1.07 ± 0.02 134Cs,
154Eu,
144Ce,
106Ru,
141Ce,
95Zr

0.269 ± 0.001 106Ru,
144Ce,
154Eu,
137Cs,
134Cs

0.129 ± 0.001

CT < 20 y 106Ru,
144Ce,
137Cs,
134Cs

4.27 ± 0.02 154Eu,
134Cs,
144Ce,
137Cs,
106Ru,
95Zr

0.947 ± 0.007 106Ru,
154Eu,
144Ce,
134Cs,
137Cs

0.450 ± 0.002

20 y < CT < 70 137Cs,
154Eu,
134Cs

32.25 ± 0.09 154Eu,
137Cs,
134Cs

3.193 ± 0.007 154Eu,
137Cs,
134Cs

0.904 ± 0.002

the previous results for fuels with CT < 20 years to the case where
only 137Cs, 134Cs and 154Eu were included, rather than letting the
algorithm select fission products on its own. This is a realistic limitation
to consider, since the lines from these radionuclides are the ones most
likely to be seen in a passive gamma spectrum for medium to long-
cooled fuel [32]. The analysis here has also shown that the random
forest algorithm automatically selects these three radionuclides in the
analysis of fuels with CTs longer than around 13 years. The results are
shown in Table 3.

When comparing the results in Tables 2 and 3, we note that relying
on a limited number of passive gamma-ray activities in the analysis
results in a determination of the fuel parameters associated with larger
RMSEs. Accordingly, the random forest algorithm is able to make a
better selection of fission products as compared to a manual selection,
and that including more fission products gives better results.

5.2. Analysis using single passive gamma ray activities and total gamma
activity

For fuel assemblies with a CT > 20 years, we expect that only
a few long-lived isotopes from Table 1 are detectable. For such fuel
assemblies, there is insufficient data to accurately predict the three fuel
parameters based on the detectable, individual, radionuclide activities,
which was already observed in the previous section for fuels with a CT
of 10–20 years. For this reason, we here consider the effect of adding
an additional signal to the gamma activities, starting with a signal
that is proportional to the total activity of the fuel, and investigate
if this additional signal help in determining the fuel parameters more
accurately. The signal that is considered is either the sum of individual
radionuclide activities, or the total Cherenkov light intensity.
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Table 3
Most important features for accounting of >95% of the total importance selected by the Random Forest algorithm in the
determination of the respective fuel parameters, together with the associated RMSE values. Only134Cs,137Cs and154Eu were
used in the analysis, as well as fuels with CT <20 years.

CT BU IE

FPs RMSE [days] FPs RMSE [MWd/kgU] FPs RMSE [%]

CT < 20 y 134Cs,
137Cs

5.06 ± 0.01 154Eu,
137Cs,
134Cs

1.096 ± 0.005 154Eu,
134Cs,
137Cs

0.588 ± 0.002

Firstly, the total gamma activity, calculated as the sum of all gamma
activities studied, was added as a feature in the analysis. For longer
cooling times, this is equivalent to the sum of activities of 137Cs, 134Cs
and 154Eu. In the analysis, the total gamma activity is normalised to an
average of 0 and a variance of 1, and hence corresponds to a relative
activity of an assembly as compared to the other assemblies in the data
set. The result of including the total gamma signal to the selected three
gamma activities is shown in Table 4, for fuel assemblies with a CT >
20 years.

Secondly, the total Cherenkov light intensity was added to the three
fission products instead of their summed activity. The Cherenkov light
intensity is mainly caused by fission product decays and it is thus ex-
pected that adding the total Cherenkov light intensity will give similar
results as adding the total gamma intensity. The results of adding a
Cherenkov signal to the signal from the three gamma radionuclides are
also shown in Table 4.

As can be seen in Table 4, the prediction capability is drastically
improved by adding either the total gamma activity or the Cherenkov
intensity. With one additional signature, both the CT and IE are more
accurately predicted, but the most significant improvement is in the
BU prediction. The improvements are expected since the 137Cs activity
corresponds well to the BU of an assembly, and for CTs longer than
20 years, the relative intensity of an assembly thus carries informa-
tion about the abundance of 137Cs in the fuel assembly. Overall, the
improvement in CT, BU and IE predictions is similar regardless of
whether total gamma or total Cherenkov is included, although slight
variations exist depending on which signal is included. In a realistic
measurement situation, a gamma-spectroscopic instrument would be
required to obtain specific radionuclide contents, which means that
the total gamma signal could be obtained using the same instrument.
However, adding the total Cherenkov light would require the use of an
additional instrument.

The analysis also shows an apparent further improvement in predic-
tion capability if both the total gamma and total Cherenkov is included.
This is however a consequence of the artificial activity threshold for
gamma activities, in combination with the lack of noise in the simulated
data. In the analysis, single radionuclides with an intensity below the
activity threshold value are not expected to be detected, and their
detected activity is set to zero. However, the total gamma activity and
the total Cherenkov signal were both calculated using all isotopes, even
if the activity is below the activity threshold. Thus, when both the total
gamma and total Cherenkov signals are used, it becomes possible to
reconstruct the activity of the most active isotope below the activity
threshold, which provides additional information that can be used to
improve the predictions. In a realistic situation, very low levels of noise
are however sufficient to completely obscure this contribution from
low-activity radionuclides.

5.3. Analysis using single passive gamma ray activities, total gamma activity
and 𝜏

The results of the previous gamma ray analyses show that at long
cooling times, at most three gamma-emitting radionuclides contribute
to the measured signal, which is too little information to accurately
determine the fuel parameters. The addition of a total intensity mea-
sure (either total gamma activity or total Cherenkov light intensity)

improves the predictions, though especially the IE predictions are still
poor. To improve the IE predictions, a measurement sensitive to the
neutron multiplication and hence the fissile content would be most
valuable. In this work, the parametrised die-away time 𝜏 of the DDSI
instrument is used as a neutron signal, although other techniques
measuring multiplication could in principle also be considered.

The results of the analysis when including all eight gamma activi-
ties, the total gamma activity and 𝜏 reveal that only the contributions
from the fission products 134Cs, 137Cs and 154Eu are relevant. Thus, the
analysis was repeated using only those three gamma activities, the total
gamma activity and 𝜏. Fig. 2 and Table 5 shows that it is indeed possible
to correctly predict the fuel parameters over the interval of 20 years
< CT < 70 years. Furthermore, the inclusion of 𝜏 as a neutron-based
measurement technique allows the IE to be predicted with significantly
enhanced accuracy at these CT as compared to if no neutron-based
signal was included.

5.4. Sensitivity and uncertainty studies

In this section we investigate the impact on the results from different
types of uncertainties such as those related to the hyper parameter
optimisation, the addition of noise to the data and the activity thresh-
old considered in the evaluation of which features to include in the
analysis. The objective is to describe the effects of different types of
uncertainties, and to provide an assessment of the importances of those
uncertainties. As in the preceding sections, we focus on fuels with CT
> 20 years, when three gamma isotopes, total gamma intensity and 𝜏
are considered in the Random Forest model.

For all results presented earlier in this work, the random forest train-
ing has been run 10 times to assess the uncertainty in the predictions
due to training the model on a randomly selected subset of the complete
data set. Based on the results, we find that we have sufficient data to
train the random forest model, and that uncertainty due to choosing
the training data will have a negligible impact on the results.

5.4.1. Hyper parameter optimisation
In this work, we optimised the random forest-specific hyper param-

eters denoted ‘‘n_estimators’’, ‘‘max_features’’ and ‘‘min_samples_leaf.
In order to assess the impact of optimising the hyper parameters two
studies were performed:

(i) a comparison in RMSEs between algorithms using default and
optimised hyper parameters, and

(ii) an investigation of how sensitive the predictions are to the exact
optimised hyper parameter values.

For (i), we used the default hyper parameters, three gamma-ray activ-
ities, total gamma intensity and 𝜏 for fuels with CT > 20 years. The
RMSE values in CT, BU and IE are shown in Table 6. These results are
similar to those in Table 6 where the hyper parameters were optimised,
though the default hyper parameters systematically give slightly worse
predictions.

For (ii) we have investigated the resulting RMSEs in CT, BU and IE
as we change one hyper parameter at a time. Firstly, n_estimators is
increased from 10 to 250 and secondly max_features is increased from
2 to 5. This is done in order to better understand the sensitivity of the
algorithm to a specific value of the hyper parameter. It appears that
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Table 4
Resulting RMSE for CT, BU and IE for fuels with a CT > 20 years, based on repeating the predictions ten times. The three
gamma emitting radionuclides 137Cs, 134Cs and 154 Eu are considered together with either the total gamma activity or the total
Cherenkov light intensity.

RMSE CT [days] RMSE BU [MWd/kgU] RMSE IE [%]
137Cs,134Cs and154Eu 32.20 ± 0.07 3.187 ± 0.005 0.904 ± 0.002
137Cs,134Cs,154Eu and total gamma activity 17.29 ± 0.07 0.666 ± 0.002 0.713 ± 0.001
137Cs,134Cs,154Eu and total Cherenkov 17.18 ± 0.05 0.680 ± 0.002 0.683 ± 0.003

Fig. 2. The true versus predicted fuel parameters (upper row) with a colour grading representing BU between 15 and 70 MWd/kgU the left panel and CT between 20 and
70 years in the centre and right panels. The lower row shows the feature importance in the predictions. Only fuel assemblies with 20 years < CT < 70 years are considered. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 5
RMSE of CT, BU and IE for fuels with a CT > 20 years, based on repeating the predictions ten times. Three gamma emitting
radionuclides, total gamma intensity and 𝜏 are considered.

RMSE CT [days] RMSE BU [MWd/kgU] RMSE IE [%]
137Cs,134Cs and154Eu, total gamma activity and 𝜏 5.6 ± 0.1 0.269 ± 0.001 0.137 ± 0.001

Table 6
RMSE of CT, BU and IE using optimised hyper parameters, ten repeated predictions and default parameters. Only fuels with
CT > 20 years were considered, and the signals analysed were the three long-lived gamma-emitting radionuclides, the total
gamma intensity and 𝜏.

CT RMSE [days] BU RMSE [MWd/kgU] IE RMSE [%]

RMSE using optimised hyper parameters 5.64 ± 0.13 0.269 ± 0.001 0.137 ± 0.001
RMSE using default hyper parameters 6.39 ± 0.12 0.313 ± 0.003 0.165 ± 0.001

the minimum chosen in the optimisation of the hyper parameter value
(as determined by the smallest RMSE-value) for ‘‘n_estimators’’ is rather
wide. Using any value between 100 and 250 gives slightly larger errors
than the optimised parameters as shown in Table 6, but in 60% of the
cases the default values are still within one standard deviation of the
optimised values. Using lower values of ‘‘n_estimators’’ than 100 gives
errors, which increase as the value of ‘‘n_estimators’’ decreases. The
minima around ‘‘max_features’’ are narrower. For all three parameters
IE, BU and CT, values of 3–5 for max_features give comparable results
(the vast majority of cases are within or very close to one sigma of the

RMSE value), and for max_features equal to 2, the performance of the
predictions start to deteriorate but remain on an acceptable level.

With respect to the available features in the analysis, spent nuclear
fuel with CT > 20 years only have a limited number of fission products
remaining to be analysed. The most dominant contribution is given
by 137Cs, 134Cs and 154Eu. For the data set used in this analysis, the
activity of 134Cs was however only above the activity threshold for
comparatively short-cooled (20–30 years) and high-burnup fuels. For
154Eu, the activity was usually above the threshold, but for long-cooled
(60–70 years) and low-burnup fuels, the activity could also be below
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Table 7
RMSE in CT, BU and IE for different levels of random noise applied to the data. Only
fuels with CT > 20 years were considered and the predictions were repeated ten times.
Three gamma emitting radionuclides, total gamma intensity and 𝜏 are considered.

Noise [%] CT RMSE [days] BU RMSE [MWd/kgU] IE RMSE [%]

No noise applied to data

0% 5.6 ± 0.1 0.269 ± 0.001 0.137 ± 0.001

Noise level on training, validation and test data set

1% 11.73 ± 0.03 0.847 ± 0.001 0.355 ± 0.001
5% 23.85 ± 0.04 1.776 ± 0.002 0.690 ± 0.001
10% 31.66 ± 0.05 2.330 ± 0.004 0.868 ± 0.001

the threshold. Hence, depending on a combination of BU and CT,
between one and three radionuclides were present in the analysis.

It was noted in the hyper parameter optimisation, that the algo-
rithm frequently tended to include additional features from Table 1,
but gave them a very low importance. It was found that manually
removing these low-importance radionuclides had a negligible effect
on the accuracy of the predictions. Hence, when searching for optimal
hyper parameters, it may be worth introducing an importance-based
threshold, to ensure that the model only considers the features that
contribute with a more substantial amount of information.

5.4.2. Noise levels
As input to the model above, we use data without any random noise

to evaluate the capability of the algorithm to determine the fuel param-
eters using the given data. In order to study the regression’s sensitivity
to noise, random errors (Gaussian distributed) with standard deviations
of 1%, 5% and 10% were added to the individual gamma-ray activities,
die-away times and total Cherenkov intensities before the gamma-ray
activities were evaluated against the 0.1% activity threshold. This noise
is added to mimic the effect of (random) measurement uncertainties.
The effect of systematic errors due to the measurement procedure and
setup is outside the scope of this work.

In an actual measurement situation, the noise level will depend on
the instrument and measurement setup. For gamma measurements, the
random noise level can be kept as low as of 0.05–0.15% when deter-
mining the net count rates of 134Cs, 137Cs and 154Eu [33]. For DDSI
measurements, 𝜏 can be determined with an accuracy of 1%–2% [34].
For DCVD measurements, the measured and predicted intensities can
agree with an RMSE of 8% [35], which includes uncertainties in
the measurement setup, operator declarations and noise. The artificial
noise levels investigated here are in some cases considerably higher
than what can be expected in some measurements. The noise levels
were selected to describe non-optimal measurement scenarios, or sim-
ply worst-case scenarios, to investigate the usability of the regression
in such cases.

In the analysis, the same level of noise was added to all data
(training, optimisation and test datasets). The reason is that in order
for the model to predict results for unknown data, it must be similar
in nature to that used in the training. The RMSE for CT, BU and IE are
shown in Table 7 using three gamma emitting radionuclides and fuel
assemblies with CT > 20 years.

As expected, there is a general trend among the RMSE values using
both approaches to increase with increasing noise level. According to
the RMSE values associated with the CT determination, the prediction
is relatively good even in the presence of noise up to 10% when
noise is applied to all three datasets. Figures of true versus predicted
fuel parameters however better describe the results than the single
value of RMSE for the entire data set. Fig. 3 shows the true versus
predicted fuel parameters with to a noise level of 5% applied to all
data sets. Primarily the relatively long-cooled assemblies are difficult
to predict correctly, due to the absence of the comparatively more
short-lived gamma emitting radionuclides. With increasing noise levels,
the band of light markers (representing fuels with a CT shorter than

10 years) corresponding to a successful determination of BU broadens
considerably, while the capability to successfully predict BU for fuels
with longer cooling times almost disappears. This result is also found
for IE, but in this case the effect is even more pronounced. For noise
levels at and above 5%, the capability to correctly determine IE is
severely affected or hampered also for fuels with short CTs. Hence, for
a BU determination, the noise level has a more significant impact than
for CT, and the IE determination seems to suffer the most since even
modest levels of noise impair the prediction capability. For accurate
fuel parameter determination, it is important to keep noise levels as
low as possible.

6. Conclusion and outlook

From the results it is concluded that applying multivariate analysis
techniques in order to predict IE, BU and CT using only passive gamma-
ray features works very well for CTs below 10 years, with RMSE
values for CT, BU and IE of around 1 day, 0.3 MWd/kgU and 0.1%,
respectively. Results are also encouraging for CTs between 10 and
20 years where the RMSE values increase by factors of 3–5 to values of
around 4 days, 1 MWd/kgU and 0.5%, respectively. The relative RMSE
values are the lowest for CT, and larger for BU and IE. Letting the
algorithm automatically select the most important fission products, as
compared to manually selecting the ones likely to be most important,
gives better results. This is understood by looking at the RMSE values,
which increase by 15%–30%, as the user manually selects them.

Above 20 years CT, the impact of adding a feature proportional
to the total activity was studied. We found that the errors associated
with the determinations of IE, BU and CT were reduced to such an
extent that the methodology offers a feasible way to determine the
fuel parameters. The RMSE for CT was reduced by approximately a
factor of 2, RMSE for BU by a factor of 5 and RMSE for IE was reduced
by approximately 20%. We also noted that the results were about the
same when the total activity of the considered radionuclides was used,
as when the total Cherenkov light intensity was used. The reason for
the large improvement in results offered by the total measure is that it
provides a method to assess the abundance of 137Cs, which is roughly
proportional to BU, relative to the other radionuclides.

If also the early die-away time 𝜏 is added to the features describing
the activities of the three most long-lived fission products and their
total activity for fuel assemblies with CT > 20 years, a significant
improvement in the capability to determine the fuel parameters is
obtained. The IE prediction capability improves the most, and the
errors associated with this determination are lower than those from the
analysis that only considers eight single gamma-ray activities and fuel
assemblies with CT < 20 years. This is expected, since 𝜏 is the only fea-
ture in the analysis, which is directly assaying the fissile content of the
fuel assembly, as the gamma features are mainly sensitive to non-fissile
fission products. We thus conclude that including a feature proportional
to multiplication is advantageous for a good fuel parameter prediction
capability in all cases (not only for IE, but also for BU and CT),
and that it is essential for fuel assemblies with CTs beyond 20 years.
Actually, the RMSE values for CT, BU and IE were 6 days, 0.3 MWd/kgU
and 0.1% which is very similar to the uncertainties associated with
fuel parameter predictions using only radionuclide activities and CT
< 20 years. This shows the feasibility of the method to predict fuel
parameters for also long-cooled fuel assemblies.

The results were obtained without considering the impact of random
noise in the input data. Noise is however expected in a real measure-
ment situation, although the levels may vary with the instruments used.
Including noise on the levels of 10% increases the RMSEs associated
with the fuel parameter determinations, by up to a factor of 6 for CT, 9
for BU and 6 for IE. However, the RMSE values are still relatively small
compared to the expected absolute values of the fuel parameter (the
RMSE for CT is 32 days with CT between 0–70 years, RMSE for BU is
around 2 MWd/kgU where BU is between 15–70 MWd/kgU and RMSE
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Fig. 3. The true versus predicted fuel parameters with a colour grading representing BU between 15 and 70 MWd/kgU in the left panel and CT between 0 and 20 years the
centre and right panels. Only fuel assemblies with CT < 20 years are considered, the included features are the eight gamma-ray emitting fission products and the noise level is
5%. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

for IE is under 0,9% where IE is between 1.5–5.5%. The predictions are
thus expected to be useful also when using noisy data.

The results have also provided information on the relative im-
portance of the included features. By increasing the threshold for
gamma-ray activities corresponding to detectability (i.e. whether they
shall be included in the analysis or not), the sensitivity of the algorithm
to omitting certain gamma-ray activities was studied. Although the
chosen activity thresholds are arbitrary, they can be used to investigate
how the capability to determine the fuel parameters depends on the
number and type of included features. The results show that this
capability considerably decreases if only two fission products remain to
be measured, but can be compensated for by including other features
(such as total gamma activity and 𝜏) instead.

The hyper parameter optimisation was found to have a small impact
on the prediction capability, which is fortunate given the considerable
amount of time required for the optimisation procedure. Consequently,
default parameters can be used with good performance.

The results are very promising and highlight the need for more
research on the topic. Of specific interest is naturally an experimental
verification of the results, which also point to the need of studying
more irregular fuel irradiation cycles since, in reality, fuel assemblies
typically do not have as regular irradiation patterns as those considered
in this work. Using new fuel libraries where fuels have been irradiated
irregularly, we will also be able to estimate the impact of the fuel
irradiation history on the prediction capability of the algorithm.
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Appendix

The hyper parameters used in the work are collected here in their
respective sections.

Section 5.1:
Optimised hyper parameter for SNF with CT < 10 years and eight

gamma-emitting radionuclides (Table 2):

CT BU IE
n_estimators 113 121 137
max_features 4 5 7

Optimised hyper parameters for SNF with CT < 20 years and eight
gamma-emitting radionuclides (Table 2):

CT BU IE
n_estimators 221 197 221
max_features 5 4 7

Optimised hyper parameter for SNF with CT > 20 years and eight
gamma-emitting radionuclides (Table 2):

CT BU IE
n_estimators 200 190 200
max_features 5 5 5

Optimised hyper parameter for SNF with CT < 20 years and
134Cs,137Cs and 154Eu (Table 3):

CT BU IE
n_estimators 200 190 200
max_features 3 3 3

Section 5.2:
Optimised hyper parameters for SNF with CT > 20 years and fea-

tures corresponding to 137Cs, 134Cs and 154Eu and total gamma activity
(Table 4).

CT BU IE
n_estimators 250 250 250
max_features 4 4 4

Optimised hyper parameters for SNF with CT > 20 years and
features corresponding to 137Cs, 134Cs and 154Eu and total Cherenkov
light intensity (Table 4).

CT BU IE
n_estimators 250 250 250
max_features 4 4 4

Optimised hyper parameters for SNF with CT > 20 years and
features corresponding to 137Cs, 134Cs and 154Eu, total gamma activity
and total Cherenkov light intensity (Table 4).
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CT BU IE
n_estimators 250 250 250
max_features 5 5 5

Section 5.3:
Optimised hyper parameters for SNF with CT > 20 years and

features corresponding to 137Cs, 134Cs and 154Eu, total gamma activity
and 𝜏 (Table 5).

CT BU IE
n_estimators 225 215 225
max_features 5 5 5

Section 5.4:
Default hyper parameters for SNF with CT > 20 years and three

gamma emitting isotopes, total gamma intensity and 𝜏 (Table 6):

CT BU IE
n_estimators 10 10 10
max_features 5a 5a 5a

amax_features equals the number of included features, which in this case is 5.

Optimised hyper parameters for SNF with CT > 20 years and three
gamma emitting isotopes, total gamma intensity and 𝜏 (Table 6):

CT BU IE
n_estimators 200 190 200
max_features 5 5 5

Optimised hyper parameters for noise studies. (Table 7):

CT BU IE
n_estimators 225 215 225
max_features 5 5 5
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