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a b s t r a c t

Precise prediction of the radiation interaction position in scintillators plays an important role in medical
and industrial imaging systems. In this research, the incident position of the gamma rays was predicted
precisely in a plastic rod scintillator by using attenuation technique and multilayer perceptron (MLP)
neural network, for the first time. Also, this procedure was performed using nonlinear regression (NLR)
method. The experimental setup is comprised of a plastic rod scintillator (BC400) coupled with two PMTs
at two sides, a 60Co gamma source and two counters that record count rates. Using two proposed
techniques (ANN and NLR), the radiation interaction position was predicted in a plastic rod scintillator
with a mean relative error percentage less than 4.6% and 14.6%, respectively. The mean absolute error
was measured less than 2.5 and 5.5. The correlation coefficient was calculated 0.998 and 0.984,
respectively. Also, the ANN technique was confirmed by leave-one-out (LOO) method with 1% error.
These results presented the superiority of the ANN method in comparison with NLR and the other
methods. The technique and set up used are simpler and faster than other the previous position sensitive
detectors. Thus, the time, cost and shielding and electronics requirements are minimized and optimized.
© 2018 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

The position sensitive detectors based on the scintillator have a
vast application in industrial tomography and planar scanning such
as cargo scanners [1e3]. Since the materials and objects in an in-
dustrial application have large dimension and high density for
scanning such objects, we require large detector and the gamma
source with high energy or a dense detector in order to detect the
transmitted photon from the object. The inorganic scintillator de-
tectors with dense materials such as NaI(Tl) were used vastly in the
industry [3,4]. But, for the large objects, several detectors should be
used which each detection system requires a complex hardware.
Such detection systems are very time-consuming and expensive.
Thus, for scanning the large object, a unique of the detector as a
position sensitive detector with low cost and fast response is
required. The organic scintillators such as plastic scintillator can be

a good selection for precise event timing and maximizing gamma
detection count rate due to the fast response (y2.5 ns) and short
decay time [5]. Also, they can fabricate into the large dimension
with the lowest cost and these characteristics reduce the plastic
properties such as low density (y1 g/cm3) and low atomic number
for industrial scanning [5].

Thus, the goal of our studies is to design a position sensitive
detector based on a rod plastic scintillator (without coincidence
electronic) and determine the incident position of the gamma rays
(position sensitive feature) by using the proposed ANN and NLR
techniques, for the first time.

The different groups used the plastic scintillator with different,
complicated and expensive designs as a position sensitive detector
for industrial applications.

H.S. Jung et al., determined interaction position based on two
detectors which each detector was arrayed with five plastic scin-
tillating rods [6]. Also, C. H. De Mesquita et al. simulated an in-
dustrial CT using Monte Carlo code. In the developed system, the
interaction position was estimated using a sensitive plastic scin-
tillator together with two photomultipliers set up in coincidence
[7].
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In all followed works, some detectors together with some
pixelated PMTs and coincidence electronic have been used to es-
timate the interaction position [6,7].

Also, some groups used the soft-computing and machine
learning techniques such as artificial neural networks, computa-
tional intelligence and etc in a wide variety of data processing and
data management applications such as predictions, nonlinear
problems, and real time data analysis [8e12].

Kalantari et al. studied computational intelligence approaches
for classification of big data in the medical applications. The results
showed that on the one hand Support Vector Machine (SVM) and
Artificial Immune Recognition System (AIRS) as a single based
computational intelligence approach were the best methods for
faster performance and a higher level of accuracy in detection [10].

Alansari et al. presented Internet of Things (IoT) in the health-
care sector to achieve sustainable development. Their study is an
applied descriptive research according to data collection [11].

Also, Gholipour Peyvandi et al. used the ANN method for pre-
diction and data analysis in the industrial applications to determine
precisely the volume fraction percentage in water-gasoil-air three-
phase flows [12].

In this research, a plastic scintillator which was coupled to two
PMTs (two sides) without coincidence electronic was designed for
fabricating a position sensitive detector. The radiation interaction
position was predicted precisely in plastic scintillator by using
gamma ray attenuation technique andmultilayer perceptron (MLP)
neural network, for the first time. The MLP neural networks were
trained and tested using acquired data from an experimental setup.
Also, NLR technique was used in order to estimate the incident
position of the gamma rays. The experimental setup and designs
used in the previous papers were fairly complicated whereas our
design and proposed technique are really very simple, inexpensive
and fast and electronics requirements are minimized and
optimized.

2. Materials and methods

2.1. Experimental set-up

An experimental setup comprised of the detection setup and the
nuclear electronic system was designed and developed at Parto
Tajhiz Besat (PTB)-Co, R&DDivision in order to provide the required
data for the ANN and NLR methods and estimate the radiation
interaction position in the plastic scintillator. In the detection sys-
tem, a rod plastic scintillator (BC400) with a diameter of 5 cm and
length of 150 cmwas used as a crystal which two photomultipliers
were coupled at the ends of two rod sides of the crystal. Also, a
source 60Co with 50 mCi activity was placed on side of the rod de-
tector with a distance of 3 cm according to Fig. 1. Seventy-one
points with a step size of 2 cm were selected for placing sources
to record the related count rates for each point with 100 s time
intervals (Fig. 2). A lead collimator was used tomake a pencil beam.

The details of the experimental setup were listed in Table 1. In the
nuclear electronic system, as followed, two PMTs (Model CR-169
BEIJING Hamamatsu, China), two high voltage (HV) power supply
modules (CC228-01Y BEIJING Hamamatsu, China), two pre-
amplifiers, two amplifiers and two counters (G.G.104 PTB- CO. Iran)
were used to record count rates due to the transmitted gamma rays.
The experimental setup is shown in Fig. 1.

The source position affects the recorded count rates using
counters and these count rates can produce sufficient information
about the radiation interaction position (position of the gamma
source). Seventy-one arrays having different positions of the
gamma source were used to obtain the recorded count rates from
the 60Co source. Sixty samples were used for training the ANNs
according to Table 2 (training by 70%, validation by 15%, testing by
15%), and 11 samples were used for the assessment of this research.
In order to more accurately evaluate the ANN method, ten count
rates of samples previously used for ANNs training were used as
evaluation samples. Thus, the recorded and attenuated gamma ray
count rates from two counters modules together with a multi-layer
perceptron neural network can determine radiation interaction
position, precisely. Also, the NLR technique was used in order to
determine the position of radiation incident.

2.2. ANN training data

ANN models are useful in investigations and complex systems
for their ability to solve problems stochastically. They used the
acquired experimental data for training and applying to predict
output responses of systems. The simplest and smallest recognized
division of processing elements in ANNs are neurons which play an
important role in solving problems [13,14]. In this research, the
position sensitive feature was evaluated in plastic scintillator due to
the prediction of radiation interaction position using multilayer
perceptron neural networks (MLP) which they are the most widely
used ANNs. The most of MLPs have a connection structure with
connections from all neurons of one layer to all neurons of the next
layer. The MLP is consists of three layers: input, output and hidden
layer. These layers were illustrated in Fig. 3. The inputs are regis-
tered count rates in the two counters and the outputs are the
predicted radiation interaction positions. In this paper, the number
of neurons for the MLP neural network in the input, hidden and
output layers and the characteristics of the MLP neural network
were listed in Table 3.

The activation functions for the training of the proposed ANN
model were tan-sigmoid and pure line functions in the hidden and
output layers, respectively. The required data set for training the
network was obtained from the experimental data described. The
inputs are registered count rates in two detectors as the Y (m � n)
matrix represents the obtained count rates from the detectors, with
n positions and m counters (left and right). Thus, the dataset for
ANN consisted of a matrix (Y2�60) in which the rows correspond to
the two detectors and columns corresponded to recorded count

Fig. 1. The arrangement of the source and nuclear electronic system (experimental set-up).
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rates with different positions of the source.
The Bayesian regularization algorithm trained the presented

ANN networks which training function updates theweight and bias
values according to Levenberg-Marquardt optimization [13e16].
The number of 77 iterations in epochs were done for achieving the
best results. MATLAB 8.3.0.532 was used for training the ANN
model.

2.3. Nonlinear regression method (NLR)

In order to analyze data in machine learning, support vector
machines (SVM) as supervised learning models together with
learning algorithms were used for regression analysis and classifi-
cation [17]. NLR is a type of regression analysis in which the ac-
quired data are modeled using a nonlinear function such as
exponential, logarithmic, trigonometric and etc [18]. In this paper,
the radiation interaction positionwas predicted using NLR analysis.
Both of the detector 1 and detector 2 represents the same radiation
positions. Thus, the recorded count rates from detector 1 were used
only to estimate the incident position of the gamma rays (Fig. 2c).

The transmitted count rates from the end of a rod side of the
crystal (detector 1) with different distances were plotted. Then, the
best logarithm function was fitted to data points (Fig. 4). This

function is:

y ¼ aþ blnx (1)

Which x is the recorded gamma ray count rates for detector 1
and y is the real position. Also, a and b are constant quantities
1:66� 102 and � 1:34� 101, respectively.

2.4. Evaluation of the proposed methods (ANN and NLR)

In order to evaluate precision the proposed methods (ANN and
NLR), the predicted results were compared with experimental data
with three types of errors composed of the mean absolute error
(MAE), mean relative error percentage (MRE%) and Correlation
Coefficient (R). The errors relations were calculated by:

MAE ¼ 1
N

XN
i¼1

���Xi � bXi

��� (2)

MRE% ¼ 100� 1
N

XN
i¼1

�����Xi � bXi

Xi

����� (3)

R ¼
Pn

i¼1

��
Xi � X

��bXi � bX��
(Pn

i¼1
�
Xi � X

�2Pn
i¼1

�bXi � bX�2
)1=2 (4)

which Xi and bXi are experimental and predicted quantities,
respectively. Also, X and bX are mean of experimental and predicted
quantities [19]. N is the number of all data. Also, the linear
regression between the real and predicted data (in plots) was used
to describe the predictive ability of the ANN and NLR.

Fig. 2. The recorded count rates for different distances from the end of a rod side of the crystal for (a) counter 1 (b) counter 2 (c) two counters.

Table 1
The details of the experimental setup.

Specifications of the experimental set-up

Source 60Co
Source activity 50 mCi
Distance from the source 3 cm
Measuring steps 71
Aperture of collimator 0.5 cm
Length of detector 150 cm
Diameter of detector 5 cm
Measurement time 100 s
Lower level 200 mV
Step size 2 cm
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2.5. Neural network error using leave-one-out (LOO)

The Leave- one- out (LOO) is one of the most widely used
methods to validate the ANNs model. Based on this method, a
sample from the set containing 60 samples was removed and a
predictionwas made for the omitted sample. In order to predict the
properties of all the samples, this procedure was repeated [20].

3. Results and discussion

In this research, we used the transmitted gamma ray count rates
together with a multi-layer perceptron neural network in order to
predict the radiation interaction position. Also, this prediction was
performed using the recorded count rates and NLR technique. In
these experiments, the 60Co source was placed with selected
different distances from the end of a rod side of the crystal (with a
step size of 2 cm). The recorded count rates for each PMT as inputs
were used for training of ANN to predict source position. Also, these
inputs were used for the NLR technique. Table 4 shows the pre-
dicted and experimental radiation interaction positions for
different distances the 60Co source from the PMTs (the highlighted
samples are related to count rates previously used for training of
ANNs). The experimental and predicted results were compared
with errors of MAE, MRE% and Correlation Coefficient (R). In the

Table 2
The acquired data set (count rates) from 60 source positions for training the ANNs.

ID Sample Distance (cm) Det1 (cps) Det2 (cps)

1 0 52058 15
2 2 54922 7
3 4 56112 9
4 6 56492 11
5 8 56602 11
6 12 55782 12
7 14 55122 26
8 16 54312 20
9 18 53032 12
10 20 52112 23
11 24 49968 26
12 26 48232 26
13 28 47142 28
14 30 45862 35
15 32 44682 44
16 36 40892 51
17 38 38602 53
18 40 35692 59
19 42 31382 75
20 44 25502 80
21 48 13792 101
22 50 10102 115
23 52 7616 131
24 54 5660 144
25 56 4327 171
26 60 2712 250
27 62 2154 278
28 64 1757 314
29 66 1472 374
30 68 1182 436
31 72 857 664
32 74 722 758
33 76 612 922
34 78 532 1156
35 80 469 1448
36 84 322 2392
37 86 287 3111
38 88 256 4160
39 90 217 5578
40 92 191 7640
41 96 137 14132
42 98 116 17798
43 100 103 20821
44 102 92 23183
45 104 80 26833
46 108 70 32047
47 110 58 34359
48 112 46 36630
49 114 39 38664
50 116 48 41309
51 120 28 45869
52 122 32 47501
53 124 21 50145
54 126 30 52179
55 128 18 53851
56 132 20 56507
57 134 12 57332
58 136 14 57456
59 138 17 56947
60 140 9 53625

Fig. 3. The multilayer perceptions (MLP)-feed forward network.

Table 3
Characteristics of the presented MLP.

Number of neurons in the input layer 2
Number of neurons in the hidden layer 10
Number of neurons in the output layer 1
Number of epochs 77
Activation function of each neuron in the hidden layer tansig

Fig. 4. The fitted logarithm function to data points (detector 1) using NLR technique
for the prediction of the radiation interaction positions.
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ANN and NLR methods, MAE quantities for prediction of source
position were calculated less than 2.5 and 5.5%, respectively. The
MRE% values were measured 4.6% and 14.6%, respectively. The
Correlation Coefficient (R) quantities for ANN and NLR techniques
were obtained 0.998 and 0.984, respectively. The comparison be-
tween real and predicted results using the presented ANN and NLR
models in regression diagrams have been shown in Fig. 5. Also, the
LOO cross-validation error was applied resulting in a 1% error.

These results showed that ANN method has superiority in
comparisonwith NLR and the other methods. Thus, ANN technique

is a rapid and accurate method for the prediction of radiation
interaction position according to the transmitted gamma-ray count
rates of plastic scintillator.

4. Conclusion

In this paper, a plastic rod scintillator (BC400) coupled with two
PMTs at two sides (left and right PMTs) as a position sensitive de-
tector was designed. In this design, the coincidence electronic (TOF
method) was not used in order to determine the precise position of
radiation incident and this procedure was performed with the
attenuation technique and multilayer perceptron (MLP) neural
network for the first time. In addition, NLR technique estimated the
radiation interaction position. The performance of ANN, NLR and
the relationship derived from empirical data were compared with
different errors. The results revealed that ANN can more accurately
predict the position of radiation incident. The proposed set up and
technique reduced cost and electronics for producing position
sensitive characteristic. Consequently, we can use rod plastic scin-
tillator as a fast and position sensitive detector for the industrial
tomography system application.
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