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A B S T R A C T   

In this study, the unfolding of the plastic scintillator spectrum was undertaken using the artificial neural net-
works tools of MATLAB. To this purpose, the response matrix of the plastic scintillator was generated for 145 
energy groups and in 512 pulse-height channels using the MCNPX2.6 code. The results confirmed that the 
relative error in the gamma-ray energy unfolding with artificial neural networks is less than 3.8%.   

1. Introduction 

Organic scintillators coupled to one or more photomultiplier tubes 
(PMTs) with/without lightguides are considered as suitable radiation 
measurement devices for neutron and gamma-ray spectroscopy due to 
their low-Z hydrogenous elements contents (Dujardin and Hamel, 
2021). When the charged particles lose energy passing through the 
scintillator medium, they create a column of ionized and excited mole-
cules. A small fraction of the deposited energy is then emitted as light via 
florescent de-excitations. In an organic scintillation detector exposed to 
neutrons and gamma-rays, energy is mainly deposited in the scintillator 
by protons, carbon nuclei, and alpha particles produced by the neutrons 
and by electrons produced by gamma-rays. The heavy particles are 
relatively slower and more highly ionizing than the mostly relativistic 
electrons (Tajik and Ghal-Eh, 2015). 

As a gamma-ray spectrometer, organic scintillators have low effi-
ciencies and weak energy resolutions compared to inorganic ones. 
However, there are certain applications, such as radiation portal moni-
toring and whole-body counting, in which the low-cost, large scintilla-
tors (i.e., commercial plastic scintillators such as NE102 or its BICRON 
equivalent, BC400), sensitive to both neutrons and gamma-rays together 
with pulse-shape discrimination capability are necessarily used. 

The relatively high average atomic number of inorganic scintillators 
causes the photoelectric effect to predominately occur, and as a result, 
the full-energy peaks corresponding to the gamma-ray energies are 
visible in the pulse-height spectrum. Whilst, in organic scintillators, on 
the other hand, the dominant phenomenon is Compton scattering which 

results in a so-called Compton continuum in the spectrum, and the full- 
energy as well as single- and double-escape peaks are normally invisible. 

The simulation of the scintillation detector response when exposed to 
gamma-ray sources requires the transports of both gamma-rays and 
optical photons. Having generated successful simulated responses of 
organic scintillators to mono- and poly-energetic neutrons (Tajik et al., 
2013), in the work published by (Yazdandoust et al., 2019), the 
MCNPX-PHOTRACK hybrid code has been used to model the scintillator 
response to gamma-rays in which the geometry, materials, and source 
specifications are introduced in the MCNPX (Waters et al., 2007) input 
file before using the PTRAC card. Next, both location and energy in-
formation are fed into PHOTRACK, where an appropriate number of 
optical photons, i.e., proportional to the deposited energy, with isotropic 
directions are generated and then followed through many boundary 
crossings, surface reflections/transmission, and attenuations. 

Eventually, the fraction of scintillation lights arrived at the photo-
cathode surface (i.e., the light collection efficiency) for every interaction 
point is calculated by taking the average on the final weights of indi-
vidual optical photons. The scintillator response is calculated by 
multiplying the light collection efficiency to the generated light. 

The responses of NaI(TI) and NE102 scintillators have been simu-
lated using MCNPX-PHOTRACK using the optical parameters introduced 
in (Ghahremanloo et al., 2015; Ghal-Eh and Etaati, 2009) and the results 
are shown in Fig. 1(a) and (b), respectively. The light values are rep-
resented in MeVee, or MeV electron equivalent, which is a scintillation 
light that is produced when an electron deposits 1 MeV of its kinetic 
energy within the scintillator cell. 
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As it can be seen in Fig. 1 (a), the full-energy peak is well-separated 
from the rest of the spectrum in the NaI(TI) scintillator and, therefore, 
the energy information can be easily extracted. The gamma-ray spec-
troscopy with inorganic scintillators is a difficult task only when dealing 
with photons of adjacent energies. In this case, various techniques may 
be used to resolve the full-energy peaks (e.g., Compton suppression 
techniques (Ghal-Eh et al., 2015), novel peak-search algorithms (Lam 
and Zhang, 2019), etc.). 

For organic scintillators, the energy information is taken from the 
Compton edge, either by fitting a half-Gaussian to the edge or by taking 

the energy value at 89% of the Compton edge (Knox and Miller, 1972). 
The situation becomes very complicated when the organic scintillator is 
exposed to the gamma-ray source of several energies. Here, the energy 
information has to be obtained through a computational procedure 
called energy spectrum unfolding. Although the unfolding techniques 
are generally used in neutron spectroscopy, in the present study, it has 
been decided to unfold the gamma-ray energy spectrum using the 
well-known artificial neural networks (ANN) (Graupe, 2013). 

The basics of the unfolding technique and ANN are presented in 
Section 2. Section 3 is devoted to the unfolding results. The concluding 
remarks as well as the suggestions for future works are given in Section 

Fig. 1. The responses of a 2-inch right cylindrical (a) NaI(Tl) and (b) NE102 
scintillators when exposed to 0.662 MeV gamma-rays simulated with MCNPX- 
PHOTRACK code. 

Fig. 2. A typical ANN structure.  

Fig. 3. The simulated plastic scintillation detector: (1) point gamma-ray 
source, (2) plastic scintillator, (3) Al-housing, and (4) PMT position. 

Fig. 4. The response matrix of NE102 plastic scintillator when exposed to 145 
mono-energetic gamma-rays: (a) Deposition energy or MCNPX F8 tally spectra, 
and (b) Light transport incorporated responses generated by the MCNPX- 
PHOTRACK code. 
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4. 

2. Materials and methods 

2.1. Spectrum unfolding 

In neutron spectroscopy studies with an organic scintillator, it is 
assumed that the pulse-height spectrum of the detector, N(E′), measured 
when it is exposed to a neutron source of energy spectrum S(E), can be 
given via the following integral (Liu et al., 2021), 

N(E′

) =

∫

E

R(E,E′

)S(E)dE (1)  

where R(E, E′) is called the detector response function which is the 
response of a detector when it is exposed to neutrons of energy E, and as 
a result, the energy deposited inside the sensitive volume of the detector 
is between E′ and E’ + dE’. 

The computational procedure of obtaining the unknown function S 
(E) from (1) by generating a response matrix, R (E, E′), is called the 
spectrum unfolding where the values N(E′) are either pulse-height 
spectrum in measurement studies or, equivalently, the deposition en-
ergy spectrum in simulations. 

Several unfolding methods with different approaches have been 
developed over the last decades, namely, the least-squares method (e.g., 
FERDOR, FORIST, and RADAK codes) (Koohi-Fayegh et al., 2001), ANN 
(Lee et al., 2019), and differential method (e.g., FLYSPEC code 
(Slaughter and Strout, 1982)), but all in neutron spectroscopies. In the 
present study, the ANN method has been used to unfold the gamma-ray 
energy spectrum. 

2.2. ANN 

ANN or connectionist systems are computing systems that are 
inspired by, but not necessarily identical to, the biological neural net-
works that constitute animal brains (Walczak, 2019). Such systems learn 
to perform tasks by considering examples, generally without being 
programmed with any task-specific rules. The brain, as a 
parallel-structure data processing unit, consists of numerous connecting 
neurons. A neural network is a group of neurons that are responsible for 
transferring information and messages from one point to another point 
of the body. All neurons have identical functions; however, their sizes 
and shapes may vary depending on their positions in the neural system. 

ANN consists of neuron layers which are considered as the processing 
nuclei of the network, each network has at least two layers. The input 
layer receives the information and the output layer predicts the results. 
In an ANN, the neurons in each layer are connected by channels to the 
neurons in the next layer and each channel has an assigned number 
called weight. The input data is multiplied by the weights and the result 
is transferred to the next layer. Each neuron can have a numeric value 
called bias, which is added to the received data. The resulting value is 
entered into a threshold function called the activation function. The 
result of the function determines whether the associated neurons will be 
activated or not. Activated neurons transmit information through 
channels to neurons in the next layer. In this way, information is 

Fig. 5. The ANN structure used in the present spectrum unfolding studies.  

Fig. 6. Flowchart of the unfolding algorithm used in this study.  

Fig. 7. Improvement of the mean squares error (MSE) for the three 
data categories. 
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propagated throughout the network, which is called forward propaga-
tion. Neurons in the output layer predict the output result. 

To train the network, the desired output is also given to the network 
alongside the input. The ANN-predicted output is compared with the 
desired output to determine the error of the network, using the 
commonly-used least-squares method. The obtained information is 
propagated backward through the network, known as backward prop-
agation. Based on this information, the weights in the network are 
modified. This cycle is repeated until the network reaches the desired 
result (Fig. 2). 

2.3. Creating the ANN 

To unfold the energy spectrum of the unknown gamma-ray source, 
the neural network toolbox of MATLAB software (The MathWorks Inc., 
Natick, USA) version R2020a has been used. The so-called response li-
brary (i.e., the response matrix) of an NE102 scintillator when it is 
exposed to mono-energetic gamma-rays has been generated by the 
MCNPX code. 

The detector is a 2 in. by 2 in. (5.08 cm by 5.08 cm) right cylindrical 
NE102 plastic scintillator (with the chemical formula of C10H11) with a 
3-mm thick aluminum housing. The density of the scintillator and 
aluminum housing are considered as 1.0320 and 2.6089 g/cm3, 
respectively. The gamma-rays are originated from a bare point colli-
mated source located at a 0.62 cm distance from the end surface of the 
detector (Fig. 3). The whole simulation setup is in a vacuum. 

The response matrix contains 145 detector responses to mono- 
energetic gamma-rays in the energy range of 120–3000 keV in 512 
light intervals (Fig. 4), which are further used for network input. In 
Fig. 4, both the deposition energy spectra (i.e., the so-called F8 tally) and 
the light transport incorporated responses are presented for comparison. 
The responses corresponding to the gamma-ray energies of 1, 2 and 3 
MeV are specified with thick curves. 

On the other hand, the output energy range is from zero to 3000 keV, 
however, to save the computation time, in 12 energy groups (i.e., the 
width of each energy group is 250 keV). 

Generally, there are two main approaches in using MATLAB software 
for ANN purposes: (1) using nntool package, or (2) writing a driver script 
in MATLAB language (The template can be taken from nftool). In the 
present study, it has been decided to use the second approach to facili-
tate the creation and training of the ANN. A typical ANN code is given in 

Fig. 8. Four regression diagrams for the three available data sets along with the total data. The best result corresponds to training data, which may be attributed to 
the larger data in this category compared to test and validation data. 

Table 1 
The ANN unfolding results for a 2 in by 2 in NE102 plastic scintillator when 
exposed to a mono-energetic gamma-ray source of unknown energy (i.e., 2000 
keV).  

Group Energy 
(keV) 

True 
Value 

ANN-Predicted 
Value 

Relative Error 
(%) 

Absolute 
Error 

125 0 0 – 0 
375 0 0 – 0 
625 0 0 – 0 
875 0 0 – 0 
1125 0 0 – 0 
1375 0 0.0001 – 0.0001 
1625 0 0 – 0 
1875 1 1.0001 0.01 0.0001 
2125 0 0 – 0 
2375 0 0 – 0 
2625 0 0 – 0 
2875 0 0 – 0  
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MATLAB with a description of the created ANN, where x and t denote 
the input and output data, respectively (Note should be taken that name 
inputs and targets are used instead of x and t in old versions of MATLAB). 

In Create a Fitting Network section, the general specifications of the 
network are given and the number of neurons in the hidden layer can be 
changed. One has to vary the original code to optimize the ANN 
performance. 

In HiddenLayerSize section, the number of layers can be increased by 
writing a vector instead of a number, and specify the number of neurons 
in each layer (except for the output layer, which is automatically 
determined) (e.g., HiddenLayerSize = [ n1 n2 ]). 

By adding new parameters, the desired transfer functions can be 
defined for each layer (e.g., TF = { ‘tansig’,’satlins’,’purelin’}). Here, 
unlike nntool window, more transfer functions can be used, such as 
satlins and radbas. Note should be taken that the fitnet function is used to 
build the network in the original version of the code, which has to be 
changed to Newff for more flexibility of the program (e.g., net = newff(x, 
t,hiddenLayerSize,TF,trainFcn)). Here, trainFcn component specifies the 
training function used in the network. Moreover, the net.divideParam 
command can be used to determine to what extent the training data will 
be used for training, validation, and testing. 

Also, there are a number of parameters in the code that the network 
training process terminates if the condition for one of them is met. This 
option can be personalized by adding net.trainParam command, which 

must be given before Train the Network line. (e.g., net.divideParam.train-
Ratio = 70/100; net.divideParam.valRatio = 15/100; net.divideParam. 
testRatio = 15/100; net.trainParam.epochs = n). Here, epoch determines 
the maximum number of iterations. 

Having executed the program, the ANN is created and then added to 
the Workspace section. 

In this study, the number of layers and neurons, as well as the 
transfer functions, have been determined by trials and errors. The con-
structed neural network has three layers (two hidden and one output 
layers) (Fig. 5). 

To summarize different steps used in the present unfolding study, the 

Table 2 
The ANN unfolding results obtained for a 2 in by 2 in NE102 plastic scintillator when exposed to (a) dual-energy (i.e., 360 and 2120 keV) and (b) triple-energy (i.e., 220, 
670 and 1200 keV) gamma-ray sources.  

Group Energy 
(keV) 

Dual-Energy Gamma-Ray Source Triple-Energy Gamma-Ray Source 

True Value ANN-Predicted 
Value 

Relative Error (%) Absolute Error True Value ANN-Predicted 
Value 

Relative Error (%) Absolute Error 

125 0 − 0.0055 – 0.0055 0.3333 0.3242 2.74 0.0091 
375 0.25 0.2513 0.53 0.0013 0 0.0145 – 0.0145 
625 0 0.0082 – 0.0082 0.3333 0.3243 2.71 0.0090 
875 0 − 0.0147 – 0.0147 0 0.0068 – 0.0068 
1125 0 0.0247 – 0.0247 0.3334 0.3442 3.26 0.0108 
1375 0 − 0.0116 – 0.0116 0 − 0.0129 – 0.0129 
1625 0 − 0.0167 – 0.0167 0 − 0.0029 – 0.0029 
1875 0 0.0068 – 0.0068 0 − 0.0045 – 0.0045 
2125 0.75 0.7640 1.86 0.0140 0 0.0080 – 0.0080 
2375 0 − 0.0228 – 0.0228 0 − 0.0017 – 0.0017 
2625 0 0.0221 – 0.0221 0 0.0045 – 0.0045 
2875 0 0.0059 – 0.0059 0 − 0.0045 – 0.0045  

Fig. 9. The ANN unfolding results for a 2 in by 2 in NE102 plastic scintillator 
when exposed to a mono-energetic gamma-ray source of unknown energy (i.e., 
2000 keV). 

Fig. 10. The ANN unfolding results for a 2 in by 2 in NE102 plastic scintillator 
when exposed to (a) dual-energy (i.e., 360 and 2120 keV) and (b) triple-energy 
(i.e., 220, 670, and 1200 keV) gamma-ray sources. 
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flowchart of Fig. 6 has been added. 

3. Results 

Having prepared and executed the ANN in MATLAB for the gamma- 
ray energy spectrum unfolding, the network reaches the ideal state after 
7 iterations. Fig. 7 represents the recovery process for the network mean 
squared error (MSE). As shown in Fig. 8, the regression value obtained 
for the whole data is about 0.976, which is sufficiently close to 1.0, and 
hence it is acceptable. 

The trained network has been tested by seven unknown energy 
spectra (i.e., two mono-energetic, three dual-energy, and two triple- 
energy gamma-ray spectra). The total relative error obtained from 
seven energy spectra is about 3.8%. Tables 1 and 2 and Figs. 9–11 show 
the unfolding results for three different spectra and their relative error 
percentages. By setting a cut-off on the unfolded values such that those 
which are less than 0.03 are replaced with zero, the ANN gives prom-
ising results. 

In another investigation, the NE102 plastic scintillator is exposed to a 
60Co gamma-ray source. The ANN unfolding data are summarized in 
Table 3 and illustrated in Fig. 11. 

4. Discussion 

In this study, an ANN has been trained for the unfolding of the 

gamma-ray energy spectrum using MATLAB software, for which the 
required response matrix has been generated by the MCNPX code. 
However, to save the computation time, the number of output energy 
bins is limited to 12, such that the width of each energy group is set as 
250 keV. The unfolding results for mono-, double-, and triple-energy 
gamma-ray sources confirm the accuracy of the method. 

The results of the present study are important where the measure-
ment setup consisting of a plastic scintillator is exposed to gamma-rays 
originating from different radioactive sources. 

To use the proposed ANN method for the unfolding of the experi-
mental spectra, the response matrix must be generated as detailed as 
possible. The contributions of scintillation light transport, the PMT, 
wavelength-dependencies, etc. on the detector response must be care-
fully taken into account (e.g., by using general-purpose Monte Carlo 
codes such as FLUKA or hybrid codes such as MCNPX-PHOTRACK) 
(Yazdandoust et al., 2021). 

As the number of output energy bins increases, one has to implement 
innovative methods (e.g., by running the ANN code on GPU (Graphic 
Processing Unit)), otherwise the run-time increases drastically which 
make the method impractical. 
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