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ABSTRACT

In our previous paper, we presented a matched filtering (MF)-based approach to detect buried 
radioactive waste using its gamma-ray spectrum. This approach does not require background 
information and its performance is robust under very low-count conditions. In this paper, we 
improve this approach when background information is available. The spectral comparison ratio 
(SCR) method is adopted to normalize the background contribution in energy spectra, and the 
MF operator is applied on the SCR-transformed data. The resulting SCR MF approach can 
improve the performance of MF. It can also outperform other widely used techniques, such as 
energy window and gross count. 

INTRODUCTION

The detection of radioactive materials has many critical applications. For instance, the detection 
of the transportation of illicit nuclear materials from manufacturing and storage facilities and the 
radioactive sources in steel scrap entering reprocessing facilities become more and more 
important at international borders 567. As a result, the radial portal monitor devices, consisting 
of gamma-ray detectors and often neutron detectors, are major devices used in the detection. 
Many discussions on plastic and sodium iodide (NaI) scintillation detectors for detecting special 
nuclear materials (SNM) show that plastic detectors are low-cost and light which enables large 
detectors to be employed while NaI detectors have higher sensitivity because of their enhanced 
resolution 8. 

Various methods have been proposed for the detection of SNM at border screening 239911. 
Some of them developed the Gross Count (GC) method which is widely used. It focuses on 
counting all the gamma photons distributing over all the energy bands. It can differentiate 
naturally occurring radioactive material (NORM) from the background 9, but may not be able to 
discriminate different NORMs. Another method of energy window (EW) is to compare the shape 
of energy distribution in several windows with background which is much improved than a 
simple GC method 9. According to the shape of energy peak, referred to as the feature, template 
identification technique may improve the detection performance as well 11. 

When radioactive waste or SNM is buried, energy counts can be very low. The performance of 
the aforementioned methods may be limited. In our previous research, we employed matched 
filtering (MF) to achieve its detection [1]. First, important features are extracted from the gamma 
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spectroscopy collected when a penetrator is located on the surface; then, an MF-based detector is 
applied to the spectrum when the penetrator is buried using the extracted features. Even when the
background information is unavailable, the algorithm still can be implemented as long as the 
Gamma spectrum when the radioactive material is on the surface is known. In this paper, we will 
improve the performance when background spectrum is available; background contribution is 
normalized by using spectral comparison ratio (SCR), following by the MF operation. The 
resulting SCR MF approach outperforms the original MF approach and other widely used 
methods such as GC and EW.

APPROACH

Bin Projection

In practical field detection, it is necessary to calibrate all the data into the same energy range.
Here, we sum the counts in an interval containing a few energy channels and divide it by the 
number of channels. Thus, we obtain a transformed spectrum. We call this process as bin
projection (BP). Another advantage of BP is that it can transform a large number of sparse 
measurements in original channels into a few concrete measurements in several energy windows
where random noise can be smoothed out. 

Let an original L-channel energy spectrum be represented as for . The BP-
transformed spectrum has K bins and the k-th bin includes nk channels, i.e, 

. The counts in the k-th bin is calculated as

for                          (1)          

All the following processes will be applied on the BP-transformed spectra. Fig. 1(a) illustrates 
the original target (i.e., buried radioactive waste) and background spectra, and Fig. 1(b) are those 
after BP where the bin width equals 354keV resulting in a 7-dimensional transformed spectra.
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            (a) Original spectra                                         (b) BP-transformed spectra

Figure 1: The energy spectra before and after BP.
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Spectral Comparison Ratio (SCR)

The background brings about significant interference to buried target detection. To alleviate such 
interference, SCR is calculated for each measurement. It can magnify the difference between the 
current measurement and a reference measurement [2][3]. If the current measurement is similar 
with the reference, the SCR values will be close to zero. Thus, this process can reflect the actual 
discrepancy between the two measurements.

Here, a background measurement is chosen to be the reference. Then an SCR-transformed 
spectrum is equivalent to the one after background normalization. The SCR is computed as: 

=   for                                   (2)

where indicates the k-th bin which is used as the reference bin, and fB denotes the background 
spectrum chosen as the reference measurement. Usually, the first bin (k=1) is the reference bin, 
then starts from n = 2 with K1 samples. Fig. 2 shows the SCR results for the two spectra 
in Fig. 1(b). As we can see, these two spectra became more different than the original ones; in 
particular, the background measurement is close to 0.
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Figure 2: The spectra in Fig. 1(b) after applying SCR transformation.

Matched Filtering (MF)

The simplified MF operator can be expressed as:

                                                        (3)

where is the input energy measurement vector after BP and SCR transforms, is the inverse 
of the background covariance matrix, is an column vector of the desired target energy spectral 
measurement. If the input s includes the counts from radioactive material, i.e., target, the MF-
output y should be a large value. By applying an appropriate threshold (determined with prior 
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information), the final decision for detection can be made.

When is not full rank, the direct computation of its pseudoinverse matrix may not be accurate 
due to numerical errors. In this situation, we need to compute  in another way which is 
shown as:

                                                        (4)

where is the eigenvector matrix of with each column being an eigenvector corresponding to 
a non-zero eigenvalue, and is a diagonal matrix with each element being a non-zero eigenvalue 
in the same sequence in V. Eq. (4) says that and have the same set of eigenvectors, and 
their corresponding eigenvalues are inverse pairs.

We choose this MF method because it performs excellent in background suppression. Another 
reason is that this method requires the least amount of prior information. These advantages make 
the MF method more suitable for practical implementation.

Performance Evaluation

For a large dataset with many measurements, the nearest neighbor clustering method can be
applied to the MF outputs 4. For a detection problem, which can be considered as two-class 
classification problem, the clustering can be conducted to form two clusters; for an m-class 
classification problem (e.g., to classify different SNM or classify the targets buried in different 
depths), then the clustering is to form c clusters. When training samples are available, they can 
be used to initiate the clustering algorithm. Then the detection/classification performance can be 
evaluated using overall accuracy pa and Kappa coefficient ka.

For quantitative performance evaluation, K-fold cross validation is adopted which is a commonly 
used statistical analysis method. It divides the original dataset into several sub-dataset. For each 
sub-dataset with k samples, one sample is randomly selected to be the validation sample to test 
the model, and the remaining k-1 samples are used as training data. Then one of the classification 
methods can be applied. The cross validation repeats k times as a sample in each dataset has the 
chance being selected once as a validation sample. A confusion matrix C can be obtained from 
these results, from which overall accuracy pa and Kappa coefficient ka can be derived.

The confusion matrix C for each method is computed, which is an m×m matrix for an m-class 
classification problem. Overall accuracy pa and Kappa coefficient ka are determined based on the 

confusion matrix, which are defined as and , where  

is the hypothetical probability of chance agreement. In addition, 

the confusion matrix Cd for detection is also computed, considering all the targets as one class 
and all the non-targets as the other. This two-class classification problem actually is a detection 
problem, and detection pa and detection ka can be determined accordingly. The performance of a 
method is claimed to be better if it yields greater values of pa and ka.
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EXPERIMENT

In the experiment, we used a data consisting of 10 sub-datasets corresponding to a target buried 
at 7 different depths, nature ore with 2 different depths, and one background dataset. There were 
24 samples in each sub-dataset, collected by a 101040cm NaI detector.  The target was a 105 
mm penetrator with 4.3kg mass and was buried in soil at depths of 15cm, 23cm, 30cm, 45cm, 
60cm, 75cm and 90cm. Nature ore was buried at depths of 45cm and 75cm. Sensor dwell time 
was varied from 0.1s, 0.25s, 0.5s, to 1s. All the measurements were normalized so that they were 
considered to be taken with 1s dwell time. The measured spectra consisted of 1024 channels with 
different energy ranges. The detailed information of this dataset is listed in Table I.

Table I. Attribute of a dataset with 10 different classes.

Sub-dataset Attribute Depth (cm) Starting Energy (keV) Ending Energy (keV)
1 target 15 -121 3256
2 target 23 -121 3256
3 target 30 -121 3256
4 target 45 -22 2730
5 target 60 -39 2713
6 target 75 -66 2612
7 target 90 -20 2865
8 Ore 45 -30 2693
9 Ore 75 -36 2707
10 Background none -8 2783

Four methods were implemented and compared: SCR MF, MF, GC, and EW method. In the SCR 
MF and MF methods, a spectrum when the target buried at 15cm was used as the desired target 
signature since the surface data was unavailable. In the EW method, two windows were 
determined, and the final output was the ratio of the sums in these two windows; the 
performance may be changed with the window selection, and the best result was presented here. 

We chose the energy range from 0 to 2600 keV in the BP method and a bin length of 354 keV 
energy range was used. The BP-transformed data had 7 channels, and the SCR-transformed data
had 6 channels. In the cross validation process, we chose k=24, i.e., that was 24-fold cross 
validation since there were 24 measurements in each sub-dataset. 

Table II lists the ten-class confusion matrix for the SCR MF method with pa = 0.65 and ka = 0.62. 
Table III is the ten-class confusion matrix derived from Table II, where the first seven classes 
were grouped in a single class and the last three classes were for another class. The resulting 
detection pa = 0.83 and detection ka = 0.69. Tables IV and V show the performance for the MF 
method. Obviously, the off-diagonal elements were larger than those in Tables II and III, so both
pa and ka were decreased. Tables VI and VII are for the GC method, and Tables VIII and IX are 
for the EW method. Table X summarizes the performance of the four methods. Due to the lack 
of surface measurement, the MF performance was degraded, which was similar to GC and EW 
methods. SCR MF could improve the MF performance with background normalization; in 
particular, SCR MF provided the best classification performance. 
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Table II. Confusion matrix of SCR MF (overall accuracy = 0.65, kappa coefficient = 0.62)

15 cm 23 cm 30 cm 45 cm
cm

60 cm
cm

75 cm
cm

90 cm
cm

Ore45
45

Ore75
cm

Bkg
15 cm 24 0 0 0 0 0 0 0 0 0
23 cm 0 24 0 0 0 0 0 0 0 0
30 cm 0 0 24 0 0 0 0 0 0 0
45 cm 0 0 0 24 0 0 0 0 0 0
60 cm 0 0 0 2 8 5 0 3 4 2
75 cm 0 0 0 1 2 7 1 2 6 5
90 cm 0 0 0 0 0 3 20 0 1 0
Ore45
45cm

0 0 0 1 4 3 0 5 2 9
Ore75
75cm

0 0 0 1 1 3 0 4 12 3
Bkg 0 0 0 1 3 1 0 6 4 9

Table III. Detection confusion matrix SCR MF (detection overall accuracy = 0.83; detection 
kappa coefficient = 0.60).

target non-target
target 145 23

non-target 18 54

Table IV. Overall confusion matrix for the MF method (overall accuracy = 0.54, kappa 
coefficient = 0.49).

15 cm 23 cm 30 cm 45 cm 60 cm 75 cm 90 cm Ore45 Ore75 Bkg
15 cm 24 0 0 0 0 0 0 0 0 0
23 cm 0 24 0 0 0 0 0 0 0 0
30 cm 0 0 24 0 0 0 0 0 0 0
45 cm 0 0 0 9 0 0 15 0 0 0
60 cm 0 0 0 0 17 1 0 2 1 3
75 cm 0 0 0 0 5 0 0 1 11 7
90 cm 0 0 0 6 0 0 18 0 0 0
Ore45 0 0 0 0 7 0 0 2 8 7
Ore75 0 0 0 0 3 5 0 3 8 5
Bkg 0 0 0 0 4 4 0 4 9 3

Table V. Detection confusion matrix for the MF method (detection overall accuracy = 0.80,
detection kappa coefficient = 0.53).

target non-target
target 143 25

non-target 23 49
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Table VI. Overall confusion matrix of the GC method (overall accuracy = 0.58, kappa coefficient
= 0.54).

15 cm 23 cm 30 cm 45 cm
cm

60 cm
cm

75 cm
cm

90 cm
cm

Ore45
45

Ore75
cm

Bkg
15 cm 24 0 0 0 0 0 0 0 0 0
23 cm 0 24 0 0 0 0 0 0 0 0
30 cm 0 0 24 0 0 0 0 0 0 0
45 cm 0 0 0 23 0 0 1 0 0 0
60 cm 0 0 0 0 7 9 0 2 1 5
75 cm 0 0 0 0 10 0 0 6 2 6
90 cm 0 0 0 1 0 0 23 0 0 0
Ore45
45cm

0 0 0 0 3 3 0 4 5 9
Ore75
75cm

0 0 0 0 4 5 0 6 4 5
Bkg 0 0 0 0 2 2 0 7 5 8

Table VII. Detection confusion matrix of the GC method (detection overall accuracy = 0.83,
detection kappa coefficient = 0.60).

target non-target
target 146 22

non-target 19 53

Table VIII. Overall confusion matrix of the EW method (overall accuracy = 0.57, kappa 
coefficient = 0.52).

15 cm 23 cm 30 cm 45 cm 60 cm 75 cm 90 cm Ore45 Ore75 Bkg
15 cm 21 3 0 0 0 0 0 0 0 0
23 cm 1 18 5 0 0 0 0 0 0 0
30 cm 0 2 19 3 0 0 0 0 0 0
45 cm 0 0 1 19 0 0 0 0 0 4
60 cm 0 0 0 1 10 2 0 4 2 5
75 cm 0 0 0 0 2 11 5 2 2 2
90 cm 0 0 0 0 3 4 17 0 0 0
Ore45 0 0 0 0 6 3 0 2 5 8
Ore75 0 0 0 0 6 1 0 4 8 5
Bkg 0 0 0 6 6 0 0 1 0 11

Table IX. Detection confusion matrix of the EW method (overall accuracy = 0.80, detection 
kappa coefficient = 0.50).

target non-target
target 147 21

non-target 28 44
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Table X. Summary for the performance of the four algorithms.

Overall 
accuracy

Kappa 
coefficient

Detection 
overall accuracy

Detection 
Kappa coefficient

SCR MF 0.65 0.62 0.83 0.60
MF 0.54 0.49 0.80 0.53
GC 0.58 0.54 0.83 0.60
EW 0.57 0.52 0.80 0.50

CONCLUSION

In this paper, we improve the MF method with SCR-based background normalization when 
background information is available. It can outperform other widely used techniques, such as GC 
and EW, even when the true desired target signature (i.e., surface measurement) is unavailable. 
In the future work, we will investigate the optimal bin width to be used in the BP process.
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