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a b s t r a c t

Accurate localization of radioactive materials is crucial in homeland security and radiological emer-
gencies. Coded-aperture gamma camera is an interesting solution for such applications and can be
developed into portable real-time imaging devices. However, traditional reconstruction methods cannot
effectively deal with signal-independent noise, thereby hindering low-noise real-time imaging. In this
study, a novel reconstruction method with excellent noise-suppression capability based on a multi-layer
perceptron (MLP) is proposed. A coded-aperture gamma camera based on pixel detector and coded-
aperture mask was constructed, and the process of radioactive source imaging was simulated. Results
showed that the MLP method performs better in noise suppression than the traditional correlation
analysis method. When the Co-57 source with an activity of 1 MBq was at 289 different positions within
the field of view which correspond to 289 different pixels in the reconstructed image, the average
contrast-to-noise ratio (CNR) obtained by the MLP method was 21.82, whereas that obtained by the
correlation analysis method was 5.85. The variance in CNR of the MLP method is larger than that of
correlation analysis, which means the MLP method has some instability in certain conditions.
© 2020 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Accurate localization of radioactive materials is crucial during
decommissioning and clean-up activities of nuclear facilities. It is
also important in detecting illicit nuclear materials, recovering
orphan radioactive sources, and delimiting suspicious radiological
contaminated areas [1e6]. The coded-aperture gamma camera is
an interesting solution for these applications and has been inves-
tigated since the 1990s [7e11]. Its advantageous signal-to-noise
ratio (SNR) and adjustable field of view (FOV) can be traded off to
reduce exposure time and improve resolution [12,13]. Meanwhile,
the advancement of radiation detection technology, such as cad-
mium zinc telluride (CZT) pixel detector, has rendered feasible the
construction of genuinely portable gamma-ray imaging devices
with excellent energy and spatial resolution during operation at
).

by Elsevier Korea LLC. This is an
room temperature [14e17]. Moreover, developing a gamma camera
using CZT detectors with a sufficiently small weight and volume
that can be mounted on unmanned aerial vehicles (UAVs) is prac-
tical [18e20], and this technology can increase the speed and ef-
ficiency of radioactivity positioning.

Given the cost, portability, or drone airborne weight re-
quirements, the detector volume is usually small, which may affect
the detection efficiency and image quality, and real-time imaging
will be hindered. The degradation of imaging quality can be effec-
tively solved using high-performance low-noise reconstruction
methods. However, conventional reconstruction methods, such as
the correlation analysis method and iterative decoding algorithm,
have problems with low-noise real-time imaging. The correlation
analysis method can recover the encoding features but cannot
reduce signal-dependent noise [21,22]. Meanwhile, the iterative
method, such as the maximum-likelihood expectation-maximiza-
tion (MLEM) algorithm, has low speeds and requires high
computing power relatively [23e25].

With the artificial neural network hasmade significant progress,
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many neural network models have been successfully applied to
image identification, energy spectrum analysis, and nuclide iden-
tification [26e29]. Previous studies have shown that the convolu-
tional neural network (CNN) method can achieve clear
reconstructed images, especially with long imaging times, but se-
vere artifacts can appear with short imaging times [30]. A full
connection characterizes the multi-layer perceptron (MLP). The
hidden layer and a large amount of training data enable an MLP to
implement an abstract representation of the input data, thereby
extracting useful features and reducing noise and thus exhibiting a
good effect on data fitting and regression problems [31]. Therefore,
an MLP method with reconstruction and noise suppression can be
feasibly obtained by adding hidden layers and selecting appropriate
hyperparameters.

This work proposes an MLP reconstruction method with image
reconstruction and noise suppression functions. First, the principle
of coded-aperture imaging and neural networks is expounded.
Then, the method of acquiring the training set and the training
result of the MLPmodel is discussed. Furthermore, the construction
of a compact gamma camera that is based on CZT and modified
uniformly redundant array (MURA) mask [22] is explained, and the
simulation of the imaging process of radioactive gamma sources is
detailed. Finally, a comparison of the reconstruction performance of
the MLP method, the correlation analysis method, the MLEM
method, and CNN method is presented.
2. Principle and method

2.1. Principle of the reconstruction mechanism in MLP

A coded-aperture gamma camera consists of a position-
sensitive detector and a coded-aperture mask. The coded image
modulated by the mask is recorded on the detector and then
reconstructed to the radioactivity distribution using a reconstruc-
tion algorithm [21,22,32]. The traditional method, that is, correla-
tion analysis, uses the autocorrelation properties of coded arrays.
However, due to imaging time and device structure limitations,
noise cannot be negligible and thus resulting in image degradation.

The correlation analysis method can be regarded as a fully
connected perceptron that has a two-layer structure and no hidden
layers. Each element of the decoding array is the weight of each
connection, and the perceptron can be considered another repre-
sentation of the correlation operation. A two-layer perceptron was
built and trained using idealized encoding data, which was
Fig. 1. Reconstructed images obtained by using the two-layer perceptron and correl
obtained by numerical calculation. The number of neurons in each
layer of the two-layer perceptron is 289. Fig. 1 shows the re-
constructions with different sources number and imaging time
obtained using the two-layer perceptron and the correlation anal-
ysis method. The results obtained by both methods are almost the
same, which proves that the above inference is correct.

The MLP is a multi-layer feed-forward neural network. It is
composed of input, hidden, and output layers and trained by the
backpropagation algorithm [26,33]. The hidden layer of the neural
network extracts features and obtains another representation
through mapping [34]. Therefore, the hidden layer may be used to
reduce the effects of the signal-independent noise in the coded
image to obtain reconstructed images with decreased noise.
2.2. Modeling of a compact gamma camera

In order to ensure the good generalization of MLP, the training
data must be sufficient and diverse. Monte Carlo simulation pro-
vides great convenience for obtaining a large number of imaging
samples. A compact gamma camera was constructed in the Particle
and Heavy Ion Transport code System (PHITS) [35], and the coded
images in a variety of situations were obtained by setting different
source conditions and imaging time.

The CZT detector has considerable potential in designing high-
performance portable imaging spectrometers due to an excellent
energy resolution performance and no refrigeration requirement.
The detector had the size of 25.5 � 25.5 � 2 mm3 and was divided
into 17� 17 pixels measuring 1.5mm� 1.5mm each [30]. A 33� 33
array mask (a mosaic of two cycles of a 17 � 17 MURA mask) was
used, and the size of a single hole was 1.5 mm � 1.5 mm. The
material of the mask and the surrounding shield was tungstenwith
a thickness of 2 mm (Fig. 2).
2.3. Acquisition of training data and MLP training

In Monte Carlo simulation, One to five Co-57 sources with the
activity of 1 MBq were placed in different locations within the field
of view 100 cm away from the mask. The coded images were ob-
tained by calculating the counts in each detector pixel. The raw
images represented the actual distribution of radioactive sources.
The raw images were the arrays consisting of zero and one, where 1
indicates a source, and 0 indicates the lack of a source. Each coded
image and raw image constituted a dataset. The datasets, with a
total number of 1.5 million, constituted the training set. To make
ation analysis method (white circles indicate the actual position of the source).



Fig. 2. Left: schematic of the coded mask and pixel detector. Right: three-dimension model of the camera in PHITS.

Fig. 3. Block diagram of the MLP method for coded image reconstruction.

Table 2
CNR of reconstructed images obtained using different trained MLP models.

#1 #2 #3 #4 #5 #6 #7

10 s 10.54 10.79 10.54 10.59 0.00 1.37 4.20
20 s 17.46 18.11 17.58 17.73 0.01 1.97 5.61
30 s 22.64 23.65 22.93 23.08 0.00 2.32 6.58
40 s 26.63 27.98 23.10 27.21 0.00 2.64 7.31
50 s 29.94 31.51 30.51 30.63 0.00 2.76 7.90
60 s 32.35 34.31 33.20 33.32 0.00 3.09 8.40
Average 23.26 24.39 22.98 23.76 0.00 2.36 6.67
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the coded images contain appropriate certain noise features, the
imaging time in the training dataset was 60 s. Coded images that
were different from that in the training set were inputted into the
trained MLP to test the performance of this method (see Fig. 3).

Based on the analysis of the two-layer neural network, in order
to achieve reconstruction function, the number of neurons of the
hidden layer should be around 289. Several MLP models with
different structures were trained and tested. Table .1 shows the
structures of different MLP models and the lost error in the last
training. Table .2 shows the CNR obtained using the trained MLP
models with different models. The number of datasets in the test
set at different imaging times is 100,000. The #2model has the best
performance, so the results obtained using the #2 MLP model are
shown in this paper.

The training was conducted on MATLAB with a 3.4 GHz CPU for
5 h, which is merely one-tenth of the time required for the CNN-
based method [30]. Dropout was used in the hidden layer, and
the rate was 20%. Dropout in feed-forward networks can reduce
overfitting and improve the quality of features by reducing co-
adaptations [36].

Fig. 4 shows the weights in the two-layer network and the
trained MLP. In Fig. 4, (b) and (c) are very different from (a), which
Table 1
Training result of MLP models with different structures and functions.

#1 #2

Number of neurons in the hidden layer 280 300
Activation function sigmoid sigmoid
Output function linear linear
Error in training 0.4866 0.493
means the reconstruction mechanism in MLP is different from two-
layer perceptron. Fig. 5 shows the output of the second layer and
the third layer in the trained MLP. The input data in the first layer is
coded images with one to three radioactive sources. The imaging
time is 60 s, and other conditions in the simulation are the same as
that in the training dataset. The results show that the connection
between the first two layers suppresses most of the data in the
coded image, and the number of other highlighted data is the same
as the actual number of radioactive sources but in different loca-
tions. The connection between the last two layers plays a role in
transforming prominent data positions.
#3 #4 #5 #6

320 300 300 300
sigmoid sigmoid ReLU tanh
linear softmax linear linear
0.501 0.4269 19.2868 1.6457



Fig. 4. Weights in the two-layer and three-layer networks (MLP).

Fig. 5. The output of different layers in the three-layer network (MLP).
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To illustrate the reconstruction capability of the CNN method,
contrast-to-noise ratio (CNR) was used to evaluate the recon-
struction ability. CNR is used to characterize the contrast between
the region of interest and the background noise of the recon-
structed image.

CNR¼V � B
s

(1)

where V , B, and s are the intensity of the signal in the region of
interest, the mean value of the background, and the standard de-
viation of the background, respectively. The region of interest
means the pixels which correspond to the original point source
locations.

3. Results and discussions

3.1. Reconstructions of radioactive sources with different distances
and imaging times

Images with different imaging times and distances from the
camera were reconstructed using the MLP method, correlation
analysismethod, CNNmethod, andMLEMmethod to verify that the
proposed method can achieve low-noise reconstruction under
various measurement conditions. The CNN model was trained by
the same training dataset as that in the MLP training. The number
of iterations in MLEM is 5, in which condition, the CNRs of recon-
structed images obtained using the MLEM and MLP methods are
close. Table 3 shows the time required for one reconstruction
process with different methods. Under the same computing plat-
form, all four methods take less than 1 s. However, in comparison,
the calculation speed of MLEM is significantly slower than the
neural network method.

Fig. 6 shows the reconstructed images under different condi-
tions. When the distance is 50 cm, the artifacts caused by non-
parallel rays are shown when using four methods. Under low-flux
conditions (short imaging time and long-distance), the MLP and
MLEM methods perform better than the other two methods. For
example, at distances of 250 and 350 cm and times of 10 and 20 s
(Fig. 6), the image obtained by the MLP method can clearly show
the actual position of the radioactive sources, whereas the image
obtained by the correlation analysis method is noisy. At this point,
the MLP method is an improvement of the CNN-based method. The
MLEM method has advantages in noise suppression than the other
three methods. Under high-flux conditions, neural networks
perform better, and the MLP method is more stable than the CNN
method. In all cases, the MLP method performed better than the
correlation analysis method. When the distance is 250 cm, the CNR
by the MLP method with the time of 10 s is 8.75, whereas the CNR



Table 3
The time required for one reconstruction process using different methods.

Correlation analysis method MLEM method (5 iterations) CNN method MLP method

Time/s 0.0163 0.7060 0.0651 0.0606

Fig. 6. Reconstructed images when the single source was at the center of FOV (with CNR at the bottom right corners; white circles indicate the actual position of the source).
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by the correlation analysis method with the time of 30 s is 9.28.
Therefore, the MLP method has great potential in shortening the
required imaging time for imaging systems.

Fig. 7 shows the average CNR of one hundred images under
different conditions. The Co-57 source with the activity of 1 MBq
was located at different distances (50, 100, 150, 200, 250, 300, 350,
400, 450, 500, 550, and 600 cm) from the camera and with various
imaging times (5, 10, 15, 20, 25, 30, 40, 50, 60, 80, 100, and 120 s). In
most cases, the MLP method can get a larger CNR. For the two
methods, the CNR exhibited the same trend over time and distance.
The value of the CNR is proportional to time and inversely pro-
portional to the square of the distance [30]. However, when the
distance is low (50 cm), the CNR significantly reduces as the time
increases due to the artifacts caused by the unparallel rays.

The ratio of increase in the average CNR after the MLP method
was used was calculated to illustrate the performance
improvement offered by the proposed method. The ratio is repre-
sented as R,

R ¼ (Cmlp - Cca) / Cca (3)

where Cmlp and Cca are the averages of CNR obtained using the MLP
method and correlation analysis method, respectively. Fig. 8 shows
the change in R over time and distance. The results show that the
MLP method can improve the CNR of the reconstructed image in all
measurement cases. Moreover, under the same time conditions, the
ratio increases and then decreases with the increase in distance,
and the position of the peak point moves backward with the
extension of imaging time. This phenomenon indicates that the
MLP method has the best applicable conditions for the improve-
ment of the CNR value. When the counts are too few, the MLP
method will also distort the reconstructed image due to low data



Fig. 7. CNR of reconstructed images when the single source was at the center of FOV.

Fig. 8. The ratio of increase in the average CNR under different conditions.
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quantity. When the counts are too many, images obtained by the
correlation analysis method will also have low noise. Hence, the
MLPmethod's improvement of the CNR is not significant. Under the
same distance conditions, reasonable control of imaging time helps
maximize the noise reduction performance of the MLP method.
3.2. Reconstruction of a single radioactive source

Image reconstructions were conducted when the source was in
different regions with the FOV. A total of 289 different regions
corresponded to 289 pixels of the reconstructed image; a Co-57
source with the activity of 1 MBq was in one of the regions in
each case. The imaging time was 5 s, and the distance was 100 cm.



Fig. 9. Reconstructed images when the single source was at different locations 100 cm away from the camera (with CNR at the bottom right corners; white circles indicate the
actual position of the source).
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Fig. 9 shows the reconstructed images with different imaging
times (5,10, 20, and 40 s). As shown by the images, theMLPmethod
can obtain images with low background noise and is better than
MLEM methods in most cases and better than the correlation
analysis method in all cases. Besides, the stability of the MLP
method is better than the CNN method when the imaging time is
short.

The MLP method can accurately reconstruct radioactive sources
at different locations under the same measurement conditions.
However, as the imaging time increases, the improvement in the
reconstructed image obtained by the MLP method becomes less
noticeable. Fig. 10 shows the average CNR and the ratio of increase
in the average CNR when using the MLP method compared with
using the correlation analysis method. Under various imaging time
conditions, the MLPmethod has a larger average CNR than does the
correlation analysis method. When the imaging time is sufficiently
long, the increase in the average of CNR value becomes insignificant
because of the gradually decreasing influence of random noise. The
same phenomenon can be seen in the ratio of an increase in the
average CNR. Under all the measured conditions, the average CNR
increased by 3.39 times with the use of the MLP method.

Fig. 11 shows the CNR obtained by the MLP and correlation
analysis methods. The color maps show the CNR of images when
the single source is at different locations, and the histogram shows
the counts of different CNR values. For all cases, the average CNR
obtained by theMLPmethodwas 21.82, whereas the valuewas 5.85
when using the correlation analysis method.

In practical applications, the location of radioactive sources
must be determined through reconstructed images for the imple-
mentation of appropriate action. The numerical cut-off method
provides a fair and reasonable judgment means of helping in-
dividuals determine whether the radioactive source exists in a
certain position through an image. m is the average pixel value in
the reconstructed image, and q is the standard deviation. The noise
removal can be maximum by setting pixel values below (m þ 3�q)
to zeros [30]. Then, the preserved signal is a correct signal; that is,



Fig. 10. Left: the average of CNR when the single source was at different positions and with different times. Right: the ratio of increase in the average CNR.

Fig. 11. CNR values of reconstructed images when the single source was at different locations.

Fig. 12. The proportion of different cases when the single source was at different
positions and with different times.
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the source is in the actual area that corresponds to the pixel where
the signal is located.

The images reconstructed by the MLP and correlation analysis
method were processed using the numerical cut-off method. Then,
all cases were classified into four categories by comparing the
determined source number and locations with the actual situa-
tions. Case 1: The number and location of the sources determined
through the image are consistent with those in the actual situa-
tions. Case 2: The determined number of sources exceeds the actual
number of sources, but the positions of all real sources are correctly
recognized. Case 3: No source is determined, but the sources exist.
All remaining cases are classified as Case 4.

Fig. 12 shows the proportion of four cases under different im-
aging times. When the imaging times are 5 and 10 s, the MLP
method gets a lower ratio of Case 1 than using the correlation
analysis method, and the ratio of Case 2 is higher. However, under
other imaging time conditions, the ratio of Case 1 obtained by the
MLP-method-based is higher, and the ratio of Case 2 is low. In the
results obtained by the two methods, the proportions of Cases 3
and 4 are zero. Under a short imaging time, the noise of the
reconstructed image is significant. Thus, the number of signals
retained after the numerical cut-off method is greater than that in
the actual situation. As the imaging time is extended, the back-
ground noise of the reconstructed image becomes low. Hence, the
mean value of all pixels m is small, and more signals are retained,
resulting in a decrease in the proportion of Case 1 and an increase
in the proportion of Case 2.
3.3. Reconstruction of different numbers of radioactive sources

Accurate and simultaneous identification of multiple radioactive
sources is essential in many applications. In this study, simulations
with different numbers of radioactive sources are conducted. Fig.13
shows that the MLP method performed better than the other three



Fig. 13. Reconstructed images when different numbers of sources were 100 cm away from the camera (white dotted circles indicate the actual position of the source).
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methods in noise suppressionwhen several sources exist. However,
the actual sources with the same activities show different values in
the reconstructed images. Those weak signals may cause
misidentification in actual applications. No such phenomenon is
unobvious when using the correlation analysis and MLEM method.
However, the background noise increases as the number of sources
increases after using the correlation analysis and MLEM methods,
which make the images obscure.

Fig. 14 shows the CNR of the reconstructed images under
different numbers of sources and imaging times when using MLP
and correlation analysis method. The Co-57 sources with the ac-
tivity of 1 MBq are located 100 cm away from the camera. For the
case with one source, the average CNR of 837 results is calculated.
For the case with more than one source, the average CNR of 10,000
results is calculated for each measured condition. As the number of
radioactive sources increases, the average CNR gradually decreases,
and the ratio decreases. This change is caused by the interference of
the shadows of the masks formed by different sources, which in-
creases the background noise. As the imaging time increases, the
average CNR increases gradually, but the growth rate slows down,
and the ratio gradually increases. Meanwhile, in the case with one
radioactive source, the ratio increases and then decreases with
time, given that both methods can obtain images with low back-
ground noise with sufficient imaging time, which results in a
decrease in the average CNR.

Fig.15 shows the proportion of the four cases as a function of the
number of sources and imaging time. When only one source exists,
the proportion of Case 1 in the results obtained by the MLP method
is higher. When the number of sources is greater than 1, the pro-
portion of Case 1 in the results obtained by the MLP method is
slightly smaller than using the correlation analysis method. This
phenomenon is consistent with that in Fig. 13, wherein the nu-
merical cut-off method may treat the weak signal as noise in the
presence of several radioactive sources. When several sources exist,
because of the noise suppression of the MLP method, the mean
value pixels m is small, and more signals are retained, resulting in a
high proportion of Case 2 than the correlation analysis method.
Given an extended imaging time, the MLP method will weaken the



Fig. 14. CNR of reconstructed images when different numbers of sources were 100 cm away from the camera.

Fig. 15. The proportion of different cases when different numbers of sources were 100 cm away from the camera and with different imaging times.
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actual signal strength in the case of multiple radioactive sources
presenting, resulting in the proportion of Case 1 being low.
4. Conclusions

A reconstruction method is proposed to obtain low-noise re-
constructions for coded-aperture imaging under a short measure-
ment time. A compact coded-aperture camera based on a MURA
mask and a CZT detector was modeled, and the performance of the
proposed method was studied using simulation data. The MLP
method had excellent performance in the low-noise reconstruction
for compact gamma camera. For the single-source cases with an
imaging time of 5 s and a distance of 100 cm, the average CNR
obtained by the MLP method is 21.82, whereas that obtained by the
correlation analysis method is 5.85. Notably, under low-flux con-
ditions, the MLP method has outstanding performance in noise
suppression. When the single source is at different locations and
with varied imaging times, compared with the use of the
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correlation analysis method, the average CNR increases 3.39 times
with the use of the MLP method. Moreover, processing the recon-
structed image by using the numerical cut-off method helps
determine the location and quantity of the potential radioactive
sources. However, when multiple sources exist simultaneously, the
number of inferred sources is less than the actual number because
the MLP method may weaken the actual signal. Besides, the vari-
ance in CNR of the MLP method is larger than that of correlation
analysis, which means the MLP method has some instability in
certain conditions.

Compared with the CNN method, the MLP method is more
stable in varied conditions and performs better when several
sources exist. Besides, the time required to train the MLP model is
only one-tenth of that required by CNN because of the use of
dropout technology and the high calculation speed of the MLP
model. The MLP method and the MLEM method with the iteration
time of 5 perform similarly. The MLP method requires less
computation time thanMLEM, but there is little difference between
the four methods. The advantage of neural networks in calculation
speed may expand when the size of the coded array increases.

In practical applications, the proposed method has considerable
potential in the quick search of the orphan source, real-time mea-
surement, or dynamic monitoring of radioactive sources. The
combination of the CZT detector with the MLP reconstruction
method will enable the development of a compact gamma-ray
imaging device that can be used on UAV-based platforms to
improve work efficiency and achieve rapid radioactive source
location. Furthermore, advanced hardware, such as GPUs, parallel
computing, and cloud computing technologies, will greatly reduce
the computational burden on laboratories or portable devices and
reduce the time required for image reconstruction or neural
network training.

Declaration of competing interest

We declare that we have no known competing financial in-
terests or personal relationships that could have appeared to in-
fluence the work reported in this paper. There are also no potential
conflicts of interest here.

Acknowledgments

This work was supported by the National Natural Science
Foundation of China (Grant No. 11675078), the Primary Research
and Development Plan of Jiangsu Province (Grant No. BE2017729,
Grant No. BE2019727), the Postgraduate Research & Practice
Innovation Program of Jiangsu Province (Grant No. KYLX16_0353)
and the Fundamental Research Funds for the Central Universities.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
https://doi.org/10.1016/j.net.2020.03.024.

References

[1] S. Chen, T. Ma, F. He, Y. Liu, S. Wang, A new compact gamma camera with
super resolution capability and high sensitivity for monitoring sparse radio-
active sources in large area, in: 2013 IEEE Nucl. Sci. Symp. Med. Imaging Conf.
(2013 NSS/MIC), IEEE, 2013, pp. 1e4.

[2] J.G. FitzGerald, A rotating scatter mask for inexpensive gamma-ray imaging in
orphan source search: simulation results, IEEE Trans. Nucl. Sci. 62 (2015)
340e348.

[3] P. Fracas, J.P. Gayral, G. Krishnamachari, M.S. Kale, P. Chaudhury,
K.S. Pradeepkumar, D.N. Sharma, R. Venkat, R.S. Deshpande, Methodologies
and systems to meet the challenges of locating and recovering orphan sour-
ces: source search operation conducted by French and Indian teams in the
Republic of Georgia, in: Secur. Radioact. Sources. Proc. an Int. Conf., 2003.
[4] P.T. Durrant, M. Dallimore, I.D. Jupp, D. Ramsden, The application of pinhole

and coded aperture imaging in the nuclear environment, Nucl. Instruments
Methods Phys. Res. Sect. A Accel. Spectrometers, Detect. Assoc. Equip. 422
(1999) 667e671.

[5] C.D. Ferguson, T. Kazi, J. B�ır�ır�a, Commercial Radioactive Sources: Surveying the
Security Risks, Monterey Institute of International Studies, Center for
Nonproliferation Studies Monterey, California, 2003.

[6] B.R. Kowash, A Rotating Modulation Imager for the Orphan Source Search
Problem, 2008.

[7] M. Gmar, O. Gal, C. Le Goaller, O.P. Ivanov, V.N. Potapov, V.E. Stepanov, F. Laine,
F. Lamadie, Development of coded-aperture imaging with a compact gamma
camera, IEEE Trans. Nucl. Sci. 51 (2004) 1682e1687.

[8] O. Gal, M. Gmar, O.P. Ivanov, F. Lain�e, F. Lamadie, C. Le Goaller, C. Mah�e,
E. Manach, V.E. Stepanov, Development of a portable gamma camera with
coded aperture, Nucl. Instruments Methods Phys. Res. Sect. A Accel. Spec-
trometers, Detect. Assoc. Equip. 563 (2006) 233e237.

[9] F. Carrel, R.A. Khalil, S. Colas, D. de Toro, G. Ferrand, E. Gaillard-Lecanu,
M. Gmar, D. Hameau, S. Jahan, F. Lain�e, GAMPIX: a new gamma imaging
system for radiological safety and homeland security purposes, in: Nucl. Sci.
Symp. Med. Imaging Conf. (NSS/MIC), 2011 IEEE, IEEE, 2011, pp. 4739e4744.

[10] S. Sun, Z. Zhang, L. Shuai, D. Li, Y. Wang, Y. Liu, X. Huang, H. Tang, T. Li, P. Chai,
Development of a panorama coded-aperture gamma camera for radiation
detection, Radiat. Meas. 77 (2015) 34e40.

[11] D. Maier, C. Blondel, C. Delisle, O. Limousin, J. Martignac, A. Meuris, F. Visticot,
G. Daniel, P.-A. Bausson, O. Gevin, others, Second generation of portable
gamma camera based on Caliste CdTe hybrid technology, Nucl. Instruments
Methods Phys. Res. Sect. A Accel. Spectrometers, Detect. Assoc. Equip. 912
(2018) 338e342.

[12] E. Caroli, J.B. Stephen, G. Di Cocco, L. Natalucci, A. Spizzichino, Coded aperture
imaging in X-and gamma-ray astronomy, Space Sci. Rev. 45 (1987) 349e403.

[13] M.J. Cieslak, K.A.A. Gamage, R. Glover, Coded-aperture imaging systems: past,
present and future developmenteA review, Radiat. Meas. 92 (2016) 59e71.

[14] M. Streicher, S. Brown, Y. Zhu, D. Goodman, Z. He, Special nuclear material
characterization using digital 3-D position sensitive CdZnTe detectors and
high purity germanium spectrometers, IEEE Trans. Nucl. Sci. 63 (2016)
2649e2656.

[15] Z. He, W. Li, G.F. Knoll, D.K. Wehe, J. Berry, C.M. Stahle, 3-D position sensitive
CdZnTe gamma-ray spectrometers, Nucl. Instruments Methods Phys. Res.
Sect. A Accel. Spectrometers, Detect. Assoc. Equip. 422 (1999) 173e178.

[16] C.G. Wahl, W.R. Kaye, W. Wang, F. Zhang, J.M. Jaworski, A. King, Y.A. Boucher,
Z. He, The Polaris-H imaging spectrometer, Nucl. Instruments Methods Phys.
Res. Sect. A Accel. Spectrometers, Detect. Assoc. Equip. 784 (2015) 377e381.

[17] D. Hellfeld, P. Barton, D. Gunter, A. Haefner, L. Mihailescu, K. Vetter, Real-time
free-moving active coded mask 3D gamma-ray imaging, IEEE Trans. Nucl. Sci.
66 (2019) 2252e2260.

[18] R. Pavlovsky, A. Haefner, T. Joshi, V. Negut, K. McManus, E. Suzuki,
R. Barnowski, K. Vetter, 3-D Radiation Mapping in Real-Time with the
Localization and Mapping Platform LAMP from Unmanned Aerial Systems and
Man-Portable Configurations, 2018. ArXiv Prepr. ArXiv1901.05038.

[19] P.G. Martin, S. Kwong, N.T. Smith, Y. Yamashiki, O.D. Payton, F.S. Russell-
Pavier, J.S. Fardoulis, D.A. Richards, T.B. Scott, 3D unmanned aerial vehicle
radiation mapping for assessing contaminant distribution and mobility, Int. J.
Appl. Earth Obs. Geoinf. 52 (2016) 12e19.

[20] K. Vetter, R. Barnowksi, A. Haefner, T.H.Y. Joshi, R. Pavlovsky, B.J. Quiter,
Gamma-Ray imaging for nuclear security and safety: towards 3-D gamma-ray
vision, Nucl. Instruments Methods Phys. Res. Sect. A Accel. Spectrometers,
Detect. Assoc. Equip. 878 (2018) 159e168.

[21] E.E. Fenimore, T.M. Cannon, Coded aperture imaging with uniformly redun-
dant arrays, Appl. Optic. 17 (1978) 337e347.

[22] S.R. Gottesman, E.E. Fenimore, New family of binary arrays for coded aperture
imaging, Appl. Optic. 28 (1989) 4344e4352.

[23] F.J. Ballesteros, E.M. Muro, B. Luque, Speeding up image reconstruction
methods in coded mask g cameras using neural networks: application to the
EM algorithm, Exp. Astron. 11 (2001) 207e222.

[24] F.J. Ballesteros, F.S. Martınez, V.R. Velasco, The EM imaging reconstruction
method in g-ray astronomy, Nucl. Instrum. Methods Phys. Res. Sect. B Beam
Interact. Mater. Atoms 145 (1998) 469e481.

[25] S. Berrim, A. Lansiart, J.-L. Moretti, Implementing of maximum likelihood in
tomographical coded aperture, in: Proc. 3rd IEEE Int. Conf. Image Process,
IEEE, 1996, pp. 745e748.

[26] J. He, X. Tang, P. Gong, P. Wang, L. Wen, X. Huang, Z. Han, W. Yan, L. Gao, Rapid
radionuclide identification algorithm based on the discrete cosine transform
and BP neural network, Ann. Nucl. Energy 112 (2018) 1e8.

[27] P. Olmos, J.C. Diaz, J.M. Perez, G. Garcia-Belmonte, P. Gomez, V. Rodellar,
Application of neural network techniques in gamma spectroscopy, Nucl. In-
struments Methods Phys. Res. Sect. A Accel. Spectrometers, Detect. Assoc.
Equip. 312 (1992) 167e173.

[28] E. Heidari, M.A. Sobati, S. Movahedirad, Accurate prediction of nanofluid
viscosity using a multilayer perceptron artificial neural network (MLP-ANN),
Chemom. Intell. Lab. Syst. 155 (2016) 73e85.

[29] I.S. Isa, Z. Saad, S. Omar, M.K. Osman, K.A. Ahmad, H.A.M. Sakim, Suitable MLP
network activation functions for breast cancer and thyroid disease detection,
in: 2010 Second Int. Conf. Comput. Intell. Model. Simul, 2010, pp. 39e44.

[30] R. Zhang, P. Gong, X. Tang, P. Wang, C. Zhou, X. Zhu, L. Gao, D. Liang, Z. Wang,

https://doi.org/10.1016/j.net.2020.03.024
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref1
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref1
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref1
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref1
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref1
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref2
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref2
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref2
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref2
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref3
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref3
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref3
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref3
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref3
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref4
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref4
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref4
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref4
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref4
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref5
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref5
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref5
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref5
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref5
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref5
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref6
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref6
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref7
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref7
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref7
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref7
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref8
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref9
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref9
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref9
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref9
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref9
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref9
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref10
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref10
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref10
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref10
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref11
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref11
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref11
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref11
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref11
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref11
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref12
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref12
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref12
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref13
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref13
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref13
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref13
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref14
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref14
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref14
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref14
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref14
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref15
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref15
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref15
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref15
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref16
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref16
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref16
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref16
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref17
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref17
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref17
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref17
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref18
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref18
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref18
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref18
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref19
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref19
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref19
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref19
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref19
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref20
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref20
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref20
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref20
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref20
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref21
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref21
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref21
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref22
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref22
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref22
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref23
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref23
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref23
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref23
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref24
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref24
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref24
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref24
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref24
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref25
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref25
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref25
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref25
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref26
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref26
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref26
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref26
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref27
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref27
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref27
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref27
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref27
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref28
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref28
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref28
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref28
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref29
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref29
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref29
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref29
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref30


R. Zhang et al. / Nuclear Engineering and Technology 52 (2020) 2250e2261 2261
Reconstruction method for gamma-ray coded-aperture imaging based on
convolutional neural network, Nucl. Instruments Methods Phys. Res. Sect. A
Accel. Spectrometers, Detect. Assoc. Equip. 934 (2019) 41e51.

[31] A.T.C. Goh, Back-propagation neural networks for modeling complex systems,
Artif. Intell. Eng. 9 (1995) 143e151.

[32] R.H. Dicke, Scatter-hole cameras for x-rays and gamma rays, Astrophys, J 153
(1968) L101.

[33] E. Yoshida, K. Shizuma, S. Endo, T. Oka, Application of neural networks for the
analysis of gamma-ray spectra measured with a Ge spectrometer, Nucl.
Instruments Methods Phys. Res. Sect. A Accel. Spectrometers, Detect. Assoc.
Equip. 484 (2002) 557e563.

[34] Y. LeCun, Y. Bengio, G. Hinton, Deep learning, Nature 521 (2015) 436.
[35] T. Sato, Y. Iwamoto, S. Hashimoto, T. Ogawa, T. Furuta, S. Abe, T. Kai, P.-E. Tsai,

N. Matsuda, H. Iwase, others, Features of particle and heavy ion transport code
system (PHITS) version 3.02, J. Nucl. Sci. Technol. 55 (2018) 684e690.

[36] N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, R. Salakhutdinov,
Dropout: a simple way to prevent neural networks from overfitting, J. Mach.
Learn. Res. 15 (2014) 1929e1958.

http://refhub.elsevier.com/S1738-5733(19)30548-0/sref30
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref30
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref30
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref30
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref31
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref31
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref31
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref32
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref32
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref33
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref33
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref33
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref33
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref33
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref34
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref35
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref35
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref35
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref35
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref36
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref36
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref36
http://refhub.elsevier.com/S1738-5733(19)30548-0/sref36

