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Abstract
We have developed radionuclide identification algorithms for radiation portal monitor applications. One algorithm uses
a spectral angle mapper to match the power spectral density of modified cumulative distribution functions of measured pulse
height distributions to reference spectra, while the other rely on the decomposition of the observed spectrum as a linear mixture
of known radionuclide spectra. Three algorithms were then tested for their ability to perform on-the-fly radionuclide
identification on datasets acquired with a liquid organic scintillator-based pedestrian radiation portal monitor on moving special
nuclear material and industrial radiological sources, as well as common medical isotopes. We quantified and compared the
relative efficacies of the algorithms considered using F-score analysis. Measured radiation sources included 51 g of highly
enriched uranium, 6.6 g of weapons grade plutonium, 241Am, 133Ba, 57Co and 137Cs sources with activities of several hundred
kBq, as well as 260 kBq liquid solution samples of the medical isotopes 99mTc, 111In, 67Ga, 123I, 131I, and 201Tl. We achieved 100%
positive identification, for three-second measurements of single sources moving at a source-transit speed of 1.2 m/s. For mixed
sources with strongest and weakest sources having no more than a 3:1 ratio of detected counts, encouraging positive
identification results were achieved with the un-mixing algorithms. Current radiation portal monitor designs suffer from a high
incidence rate of nuisance radiation alarms caused in radiation portal monitors by recent nuclear medicine patients and cargo
containing large amounts of naturally occurring radioactive materials. Integrating reliable on-the-fly radionuclide identification
into the radiation portal monitors could lower the number of nuisance alarms requiring time-consuming secondary inspections.

Motivation
Thwarting the potential smuggling of nuclear and radiological material across national
borders poses many technical challenges. Radiation portal monitors (RPMs) have been
extensively deployed in the United States at border crossings for screening incoming vehicles
and at major sea ports for screening incoming cargo containers. RPMs commonly contain
neutron detectors (3He) and gamma detectors (plastic scintillator panels) and look for elevated
radiation count rates relative to background when a vehicle or cargo container passes the RPM.
The signal from threat materials, like special nuclear material (SNM), might be very weak,
especially if SNM is well shielded. Complicating the matter is the fact that measurement times
for RPMs are limited to approximately three seconds in order to not overly burden the flow of
commerce and people.
Actual reported incidents of interdictions of nuclear and radiological materials at border
crossings hover around a few dozen events annually worldwide [1]. Yet RPM radiation alarm
incident rates of 1 in hundreds of vehicles or cargo containers are not unheard of. This high
alarm rate is due to the prevalence of naturally occurring radioactive material (NORM) in cargo,
and an increase in nuclear medicine patients over the past decades. Large quantities of NORMbearing cargo, such as a cargo container filled with kitty litter, and recent nuclear medicine
patients, mostly patients who have had 99mTc procedure within the last few days, emit sufficient
gamma radiation to trigger RPM alarms [2–4]. Offending vehicles and cargo containers must be
searched with hand-held spectroscopic radiation detectors in order to locate and identify all
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sources of radiation and to ensure that none of them poses a threat to national security.
Processing these nuisance alarms can be time-consuming and distracts from the mission of
catching smugglers of nuclear and radiological materials [5].
We are developing an RPM capable of on-the-fly radionuclide identification [6–9]. Such
an RPM could distinguish threat from nuisance radiation sources, thus greatly reducing the
number of vehicles and cargo containers requiring secondary inspections. Originally the
identification algorithms were developed for identifying single sources of gamma radiation. In
reality, many scenarios will involve mixed sources of radiation. Examples include mixed NORM
sources, and SNM masked by a NORM source. Two approaches were integrated with our
radionuclide identification algorithm to test their ability to handle mixed sources: a linear
spectral un-mixing algorithm relying on the data only (based on maximum likelihood
estimation), and Bayesian approaches which allow the consideration of additional prior
knowledge (and based on maximum a-posteriori or posterior mean estimation).

Organic Liquid Scintillation Detector-Based Radiation Portal Monitor
We have developed and tested a pedestrian radiation portal monitor consisting of eight
7.6 cm diameter by 7.6 cm height cylindrical active volume Eljen EJ309 organic liquid
scintillation detectors [6,8,10]. These detectors are sensitive to both neutrons and gammas.
Neutron and gamma interactions in the detectors are distinguishable through pulse shape
discrimination. The RPM system is scalable to more challenging applications, such as a vehicle
RPM [9,11,12].
Extensive testing occurred at the European Commission Joint Research Centre in Ispra,
Italy. The RPM testing facility consists of an electric rail cart system capable of moving radiation
sources at speeds up to 3 m/s past the RPMs. Sources tested included 51 g of highly enriched
uranium, 6.6 g of weapons grade plutonium, 241Am, 133Ba, 57Co and 137Cs sources with activities
of several hundred kBq, as well as various 252Cf spontaneous fission neutron sources [6,8]. In
addition, 260 kBq liquid solution samples of the medical isotopes 99mTc, 111In, 67Ga, 123I, 131I, and
201
Tl were measured at the University of Michigan C.S. Mott Children’s Hospital. We tested the
radionuclide identification algorithms on the measured datasets and their combinations.

On-The-Fly Radionuclide Identification
The on-the-fly radionuclide identification algorithms underwent numerous iterations [6].
Based upon F-score analysis [13], the best identification performance was achieved with an
algorithm using a spectral angular mapper [14,15] to compare short measurement time RPM data
with library spectra using the power spectral densities of cumulative distribution functions
(CDFs) of measured pulsed height distributions (PHDs) [6,7].

2

In order to build the library, long measurement time PHDs were obtained for all isotopes
of interest. The CDFs, 𝑥(𝑛), are formed through integration by computing the probability that 𝑋
takes a value less than 𝑥, i.e., 𝑃(𝑋 ≤ 𝑥) The quantity 𝑦(𝑛) = 1 − 𝑥(𝑛) is subsequently used.
Figure 1 shows 𝑦(𝑛) for all library spectra as well as for a three-second measurement of a
moving 137Cs source. To characterize the behavior of 𝑦(𝑛) over its entire energy domain, the
following Fourier analysis is used:
𝐷𝐹𝑇(𝑘) = ∑𝑁
𝑛=1 𝑦(𝑛) exp (−𝑖 ∗ 2 ∗ 𝑝𝑖 ∗ (𝑘 − 1) ∗

𝑛−1
),
𝑁

1 <= 𝑘 <= 𝑁,

(1)

where DFT(k) is the amount of frequency in the signal, y(n) is the modified CDF, n is the sample
energy domain, N is the number of samples, and k is the sample in the frequency domain.
For a CDF signal, the power spectral density (Eq. 2) computes how “power” is
distributed over frequency of the CDF by computing the squared modulus of the DFT:
𝑃𝑆𝐷(𝑘) = |𝐷𝐹𝑇(𝑘)|2 .

(2)

Finally the spectral angle 𝛼𝑖 is computed between the power spectral density of the short
measurement time RPM data and all of the power spectral densities of the library spectra. The
smallest 𝛼𝑖 then represents the best fit:
(𝑃𝑆𝐷(𝑘)∙𝑃𝑆𝐷

𝛼𝑖 = cos −1 [‖𝑃𝑆𝐷(𝑘)‖‖𝑃𝑆𝐷𝑚𝑎𝑡𝑟𝑖𝑥

(:,𝑖))

],[14].

𝑚𝑎𝑡𝑟𝑖𝑥 (:,𝑖)‖

Figure 1:

(3)

Modified CDF library matrix with 𝑦(𝑛) of moving 137Cs source acquired with pedestrian RPM at
2nd SCINTILLA benchmark at JRC Ispra, Italy, in February 2014 [6].
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Identification of Mixed Gamma Sources
Mixed sources, i.e. scenarios in which the signatures of multiple radionuclides are
present, are of great concern to designers of spectroscopic RPMs. In particular, the masked
source scenario, in which a strong NORM source masks the weaker SNM source, poses a
challenge to identification algorithms. In traditional gamma spectroscopy with inorganic
scintillators, e.g. NaI(Tl), mixed sources pose no significant challenge as long as the detector
energy resolution suffices to resolve all present photopeaks. For organic scintillator-based RPMs,
however, photopeaks do not exist and the entire PHD forms the signal, so a mixed source RPM
response will be a linear combination of individual source responses.
It is important that any un-mixing algorithm does not misidentify a mixed source RPM
response as some other single source. Conversely, the algorithm must identify all constituent
components in the mixed source and also estimate the relative activities of the constituent
sources.

Linear Spectral Un-Mixing Approach
Linear spectral un-mixing (LSU) algorithms can be used to decompose a mixed signal
into its constituent components [16–18]. A mixed signal 𝑀 consists of a linear combination of 𝑛
possible radionuclides 𝑆𝑖 at different fractions 𝑐𝑖 :
𝑀 ≈ 𝑐1 𝑆1 + 𝑐2 𝑆2 + ⋯ + 𝑐𝑛 𝑆𝑛 .

(4)

Solving for the mixing coefficients such that the sum on the right-hand side of (4)
approximates 𝑀, while accounting for the physical constraints to 𝑐𝑖 ≥ 0 (Eq. 5) provides the
relative activities 𝑐𝑖 of library spectra present in the mixed source response:
min𝑐≥0 ‖𝑺 ∗ 𝑐 − 𝑀‖ .

(5)

The un-mixing algorithm can be tested on various forms of the RPM data, such as PHDs,
CDFs, or power spectral densities of the CDFs. Different mixed source scenarios were tested by
mixing together measured PHDs from individual sources in different ratios. Figure 2 shows the
LSU results for six different tested mixtures. For each mixture 30 mixed PHDs of this
composition were created and un-mixed with the linear spectral un-mixing algorithm, as
illustrated by the 30 samples shown for each mixture in Figure 2. The average coefficients 𝑐𝑖
computed for all library radionuclides are shown as color bars. The only constraint applied is that
all coefficients have to be non-negative.
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Figure 2:

LSU computed coefficients 𝑐𝑖 computed for 30 samples of each of six different mixtures created
from RPM measured gamma-radiation data.

Bayesian Estimators
As an alternative to the LSU technique presented above and which implicitly relies on an
additive white Gaussian noise assumption, we also use Bayesian estimators on a Poisson noise
model where M is our observed data, i.e. some RPM measured response to a mixed source of
gamma radiation, and x is our unknown mixing contribution of different sources in our gamma
library. This results in the prior distribution: 𝑓(𝑐), which enforces 𝑐 > 0.
Following Bayes rule, the posterior distribution of c given M therefore is 𝑓(𝑐|𝑀). To
solve for the mixing contribution coefficients 𝑐, we can maximize 𝑓(𝑐|𝑀), (maximum a
posteriori (MAP) estimation), which provides us with the a posteriori most likely solution. The
coefficients c are then calculated as the mode of the posterior distribution. A different approach
consists of computing the expectation of 𝑐|𝑀, i.e. the posterior mean, which will minimize the
mean square error between the estimated and observed data. This technique is known as
minimum mean squared error (MMSE) estimation. The MAP results for the same mixtures used
for the LSU in Figure 2 are shown in Figure 3, and the MMSE results are shown in Figure 4.
Once again the only constraint is that all coefficients are non-negative.
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Figure 3:

Figure 4:

MAP computed coefficients 𝑐𝑖 computed for 30 samples of each of six different mixtures created
from RPM measured gamma-radiation data.

MMSE computed coefficients 𝑐𝑖 computed for 30 samples of each of six different mixtures
created from RPM measured gamma-radiation data.

Similar to the LSU method, both the MAP and MMSE methods struggle when more than
two sources are present (mixture B) or when a weaker source is masked by a stronger source
(mixture A).
Under these conditions, up to 12 sources could be present. This might not be realistic for
real world RPM measurements, so the Bayesian estimator should improve if we promote the
sparsity of the mixture by fixing for instance the maximum number of sources in the solution.
For the MAP results shown in Figures 5, 6, and 7, the maximum number of sources in any
possible solution are constrained to two, three, or four sources, respectively. As expected, the
results improve dramatically if the solution is constrained to the correct number of solutions. The
6

results do not degrade significantly if the constrained number of solution does not greatly exceed
the actual number of sources present in the mixture either.
Figure 8 shows the correlation matrix for one sample of mixture B (137Cs + HEU + 99mTc
+ 133Ba). The correlation matrix shows that the Bayesian estimator (i.e., the MAP estimator)
struggles to distinguish 99mTc from 123I as well as 133Ba from 131I. In other words, the estimator
knows with high confidence that, for example, either 99mTc or 123I is present in the mixture, but it
can’t necessarily say which of the two is present. Looking at Figure 1, we see that 99mTc and 123I
exhibit very similar CDFs, thus explaining why the Bayesian estimator struggles to discern these
sources. Such correlation matrices provide an additional tool when SNM might be mistakenly
misidentified as some less threatening radionuclide with a similar RPM measured response.

Figure 5:
MAP computed coefficients 𝑐𝑖 computed for 30 samples of each of six different mixtures created
from RPM measured gamma-radiation data with number of solutions constrained to two sources.

Figure 6:
MAP computed coefficients 𝑐𝑖 computed for 30 samples of each of six different mixtures created
from RPM measured gamma-radiation data with number of solutions constrained to three sources.
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Figure 7:
MAP computed coefficients 𝑐𝑖 computed for 30 samples of each of six different mixtures created
from RPM measured gamma-radiation data with number of solutions constrained to four sources.

Figure 8:
Correlation matrix for mixture B (137Cs + HEU + 99mTc +
estimator struggles to distinguish 99mTc from 123I as well as 133Ba from 131I.

133

Ba) showing that the Bayesian

Comparison of Methods for Identification of Mixed Sources
The different un-mixing methods can be compared via the mean squared error for the different
possible composition solutions. Tables 1 and 2 show the average compositions of 30 samples of mixed
sources E (HEU and WGPu mixed 1:1) and B (137Cs + HEU + 99mTc + 133Ba mixed in equal proportions) as
computed with the MAP Bayesian estimator, with the number of allowed constituent sources in the
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solution constrained to various value. Tables 1 and 2 also include compositions computed with the
MMSE Bayesian estimator, and with the LSU method.
The MAP estimator most accurately estimates the composition of the mixed sources assuming
that the solution is not constrained to fewer sources than actually present. Constraining the MAP
estimator to some value greater than the number of present sources (e.g. > 2 for mixture E) but well
below the 12 total number of sources in the library, does not lead to significant degradation of the
composition estimates (see MAP with 5 sources for mixture E). On average, the unconstrained MAP,
MMSE, and LSU techniques for the most part estimate the correct sources present in the mixtures, but
relative to the constrained MAP solutions, these other techniques exhibit less consistency and show
poorer performance for estimating the relative abundancies of sources present in the mixtures.
Table 1: Mean squared error for computed coefficients for 30 samples of mixture E (HEU and WGPu mixed 1:1) for
different un-mixing algorithms. For MAP the number of possible solutions are constrained to two, five, or all
possible sources.
Composition [%]
241
Am
133
Ba
57
Co
137
Cs
67
Ga
HEU
123
I
131
I
111
In
99m
Tc
201
Tl
WGPu

MAP
Constraint=2
0±0
0±0
0.02 ± 0.10
0±0
0±0
0.50 ± 0.18
0.01 ± 0.04
0±0
0±0
0±0
0±0
0.53 ± 0.08

MAP
Constraint=5
0.17 ± 0.15
0.05 ± 0.09
0.07 ± 0.13
0.01 ± 0.03
0.03 ± 0.05
0.40 ± 0.14
0.02 ± 0.04
0.01 ± 0.02
0.01 ± 0.02
0.03 ± 0.05
0.03 ± 0.06
0.38 ± 0.14

MAP
unconstrained
0.18 ± 0.10
0.04 ± 0.04
0.11 ± 0.09
0.02 ± 0.02
0.03 ± 0.03
0.22 ± 0.10
0.02 ± 0.03
0.02 ± 0.01
0.02 ± 0.02
0.02 ± 0.02
0.05 ± 0.05
0.28 ± 0.11

MMSE
unconstrained
0.27 ± 0.07
0.06 ± 0.02
0.15 ± 0.06
0.03 ± 0.01
0.04 ± 0.01
0.14 ± 0.04
0.03 ± 0.01
0.03 ± 0.01
0.03 ± 0.01
0.03 ± 0.01
0.05 ± 0.02
0.13 ± 0.04

LSU
unconstrained
0.14 ± 0.10
0.07 ± 0.10
0.08 ± 0.09
0.02 ± 0.03
0.02 ± 0.04
0.26 ± 0.17
0.01 ± 0.03
0.03 ± 0.04
0.01 ± 0.03
0.02 ± 0.03
0.05 ± 0.07
0.31 ± 0.24

Table 2: Mean squared error for computed coefficients for 30 samples of mixture B ( 137Cs + HEU + 99mTc + 133Ba
mixed in equal proportions) for different un-mixing algorithms. For MAP the number of possible solutions are
constrained to two, four, or all possible sources.
Composition [%]
241
Am
133
Ba
57
Co
137
Cs
67
Ga
HEU
123
I
131
I
111
In
99m
Tc
201
Tl
WGPu

MAP
Constraint=2
0±0
0.01 ± 0.06
0.03 ± 0.15
0.06 ± 0.16
0.01 ± 0.08
0.74 ± 0.25
0±0
0.14 ± 0.07
0±0
0.03 ± 0.11
0±0
0±0

MAP
Constraint=4
0.01 ± 0.04
0.22 ± 0.08
0.01 ± 0.08
0.25 ± 0.03
0.01 ± 0.05
0.21 ± 0.15
0.01 ± 0.05
0.01 ± 0.03
0±0
0.24 ± 0.07
0.00 ± 0.02
0.02 ± 0.05

MAP
unconstrained
0.03 ± 0.04
0.15 ± 0.07
0.15 ± 0.09
0.23 ± 0.05
0.02 ± 0.03
0.13 ± 0.08
0.03 ± 0.02
0.03 + 0.03
0.01 ± 0.02
0.18 ± 0.05
0.02 + 0.02
0.01 ± 0.01

MMSE
unconstrained
0.05 ± 0.02
0.09 ± 0.03
0.19 + 0.05
0.22 ± 0.04
0.04 ± 0.01
0.09 ± 0.03
0.05 ± 0.01
0.04 ± 0.01
0.02 ± 0.01
0.13 ± 0.04
0.04 ± 0.01
0.03 ± 0.01

LSU
unconstrained
0.01 ± 0.02
0.19 ± 0.14
0.10 ± 0.07
0.20 ± 0.04
0.03 ± 0.06
0.13 ± 0.10
0.02 ± 0.03
0.05 ± 0.06
0.01 ± 0.02
0.19 ± 0.05
0.03 ± 0.06
0.04 ± 0.08
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Conclusions
Techniques were developed to process RPM gamma measurements from mixed sources with up
to four different radionuclides out of a library of twelve known radionuclides. The LSU, and Bayesian
MAP and MMSE techniques estimate which sources are present in the RPM mixed gamma response and
at what relative compositions. Constraining the MAP estimator to solutions with five or less radionuclides
produced accurate and consistent results for the six mixtures tested. For each mixture, 30 independent
samples were tested with each algorithm.
The ability to decompose mixed sources of radiations is crucial for spectroscopic RPMs.
Spectroscopic RPMs must be able to detect weak SNM sources masked by a stronger NORM or nuisance
radiation source. RPM on-the-fly radionuclide algorithms must also be able to handle mixed sources of
NORM and nuisance sources, such as truck load of kitty litter ( 40K) with a truck driver with a recent
nuclear medicine procedure (99mTc). Future work will look into more challenging masking scenarios, and
the expansion of the source library.
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