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Application of Artificial Neural Networks to the Analysis of NORM Samples

Moser, H.; Peyrés, V.; Mejuto, M.; García-Toraño, E.
31 pp. 9 ref. 29 figs. 5 tables

Abstract:

This work describes the application of artificial neural networks (ANNs) to analyze the raw data of gamma-ray spectra of NORM 
samples and decide if the activity content of a certain nuclide is above or below the exemption limit of 1 Bq/g. The main advantage 
of using an ANN for this purpose is that for the user no specialized knowledge in the field of gamma-ray spectrometry is necessary. 
In total a number of 635 spectra consisting of varying activity concentrations, seven different materials and three densities each 
have been generated by Monte Carlo simulation to provide training material to the ANN. These spectra have been created using the 
simulation code PENELOPE. Validation was carried out with a number of NORM samples previously characterized by conventional 
gamma-ray spectrometry with peak fitting

Aplicación de las Redes Neuronales al Análisis de Muestras NORM

Moser, H.; Peyrés, V.; Mejuto, M.; García-Toraño, E.
31 pp. 9 ref. 29 figs. 5 tablas

Resumen:

Se describe la aplicación de una red neuronal al estudio de espectros gamma de muestras NORM con objeto de decidir si la con-
centración de actividad de un radionucleido determinado en una muestra NORM supera el límite de exención de 1 Bq/g. La ventaja 
principal del uso de redes neuronales es que el usuario no precisa un conocimiento especializado de la espectrometría gamma. Se 
ha generado mediante simulaciones de Montecarlo un total de 635 espectros que representan diversas concentraciones de actividad, 
siete materiales diferentes y tres densidades. Para ello se ha utilizado el programa de simulación PENELEOPE. La validación de 
la red se ha realizado mediante una serie de muestras NORM previamente caracterizadas por espectrometría gamma convencional 
con ajuste numérico de los espectros.
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Introduction 

ESRMG is the Early Stage Researcher Mobility Grant given by EURAMET to young scientists new to 

the field of metrology in order to develop and increase the capacity of individuals in metrology. It 

provides financial support to undertake research activities relevant to the objectives of the Joint 

Research Project (JRP) and enables the researcher to gain experience by learning new techniques 

and to broaden the spectrum of their abilities. By joining a team of established scientists that are 

experts in their respective fields in a foreign country, European cooperation is promoted and 

knowledge transfer ensured.  

 

The research is undertaken at a funded JRP partner institution located in a different country than 

the researcher’s employer. In this case it is conducted as collaboration between Bundesamt für 

Eich- und Vermessungswesen (BEV, Austria) and Centro de Investigaciones Energéticas, 

Medioambientales y Tecnológicas (CIEMAT, Spain) in the course of JRP IND57 “Metrology for 

processing materials with high natural radioactivity” (MetroNORM). 

 

One of the main applications and challenges of gamma-ray spectrometry and especially when 

dealing with natural radioactivity, is to determine if a certain material is above or below the 

exemption limit stated in the national legislation. With the latest Basic Safety Standards Directive 

entered into force on 6 February 2014 these limits are 1 Bq/g for all natural radionuclides with the 

exception of 40K (10 Bq/g) (Council of the European Union, 2013). The aim of this ESRMG is to 

create an artificial neural network (ANN) that is able to decide from the data of a raw gamma 

spectrum if a NORM material is above or below the exemption limit, avoiding the rather complex 

analysis associated to spectral deconvolution. 

 

ANNs 

ANNs try to imitate the way the human brain works. In the human brain a number of biological 

neurons each generate a signal of an intensity x and a synaptic feeding strength w. These signals 

feed into a neuron with a threshold b using dendrites and axons. If the product of x and w is below 

the threshold, the neuron does not recognize the input. If the product is above the threshold, the 

neuron computes the inputs and generates a signal y that can again be an input to another 

neuron. Figure 1 illustrates the process. 



4 
 

   
Figure 1 – Basic processes in human brain (I. A. Basheer, M. Hajmeer, 2000) 

 

An ANN consists of a number of nodes that represent the computing units (or neurons), 

connections (axons and dendrites) between those nodes, connection weights (synapses) and 

thresholds (activity in the soma). A non-linear transfer function, often a sigmoidal function, is 

applied to the weighted sums of each neuron. Generally speaking, an ANN consists of an input and 

an output layer and can also contain hidden layers. Networks with no hidden layer are only able to 

perform linear tasks (A. Negarestani et al., 2002) while a second hidden layer is only necessary for 

discontinuous problems (M.Y. Rafiq et al., 2001). Figure 2 shows a schematic of an ANN. 

 

 

 
Figure 2 – ANN schematic 

 

The number of input neurons is defined by the number of input parameters and the number of 

output neurons reflects the number of output variables. The optimal number of neurons in the 

hidden layer has to be obtained. This is usually done by employing a trial-and-error method. Each 

connection comes with a connection weight that signifies the importance of the input. The 

network is trained by providing it with a number of inputs and the corresponding outputs. Unless 

   

    

  

Input 

Output 

 

 

Hidden 
layer 
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reliable a-priori information is available, the network algorithm starts out with random connection 

weights that are changed after each training cycle to reflect the wanted output. Literature 

research shows that the most commonly used algorithm to adapt the weights is the 

backpropagation algorithm. This algorithm uses the difference between the ANN solution and the 

actual solution of the training example that is provided for the training process to change the 

connection weights. ANNs trained in that style are capable of learning and can apply their 

“knowledge” to unknown situations. The main advantage of the network is its ability to generalize 

and handle imprecise and noisy information. This process can be considered as a robust 

alternative to a classical calibration method. 

 

After examining the alternatives found in literature, it was decided to create an ANN able to 

predict if a material is below or above the exemption limit for a predefined list of radionuclides 

and materials relevant to NORM. This restriction is necessary as the number of materials available 

is limited and the aim of this work is to study the feasibility of using ANNs in this context. It was 

decided to use a number of seven materials available at CIEMAT in total to train the ANN. Five of 

those materials come from the JRP MetroNORM D1.2.2 and D1.3.2 and two are reference 

materials available at CIEMAT. A list of materials is shown in  

Table 1. Additionally, it was decided to analyze the spectra for six radionuclides typically found in 

NORM materials and representing the three naturally occurring decay chains.  

 

Table 2 shows the selected radionuclides. 

 
 

Table 1 – List of NORM reference materials used to creating the sample materials 

 

CIEMAT MetroNORM 

Phosphogypsum Huelva Phosphogypsum (D1.2.2) 

Ilmenite Huelva Tuff 1 (D1.2.2) 

 Tuff 2 (D1.3.2) 

 Sand (D1.3.2) 

 TiO2 (D1.3.2) 

 

 
 

Table 2 – List of Radionuclides analyzed by the ANN 

 

Radionuclides 
228Ac 
212Pb 
234Th 
214Pb 
210Pb 
235U 

 



6 
 

Although the nuclides considered for analysis emit several gamma lines, it was decided to analyze 

a subset of those shown in Table 3 as they are free from interferences with other lines. 

 
Table 3 – List of gamma energies used as input for the ANN 

 

Radionuclide Gamma-ray energies (in keV) 
210Pb 46,65    
234Th 63,31  92,59 *  
235U 143,77  163,36   

212Pb 238,63  300,09   
214Pb 242,00  295,22  351,93 
228Ac 911,20  968,96   

*combination of 2 lines that are not well seperated: 92.38 keV and 92.80 keV 

 

All materials have been analyzed at CIEMAT’s chemical laboratories. The samples were analyzed 

for major elements and trace elements by Wavelength dispersive X-ray fluorescence spectrometry 

(XRF) using a PANAlytical, AXIOS automated XRF spectrometer with Rh radiation. The X-Ray 

diffraction (XRD) data were collected using a PANalytical X’Pert PRO diffractometer operating in θ-

θ configuration, with Cu Kα radiation. The data was collected from 20 – 120º 2θ. Elements were 

determined by simultaneous Inductively Coupled Plasma Optical Emission Spectrometrer (ICP-

OES), model Varian (now Agilent) 735-ES in a radially viewed configuration and a VistaChip image-

mapped Charged Coupled Device (CCD) detector. In this technique the electromagnetic radiation 

emission of the analytes were detected after their excitation by inductively coupled plasma 

producing atoms and ions from the elements present in the sample. Wavelength is characteristic 

of the particular analyte and the intensity of this emission is indicative of the concentration of the 

element within the sample.A LECO CS-244 elemental analyzer was used for determining carbon 

content, combusting the sample material in an induction furnace in the presence of oxygen gas. 

The amount of carbon dioxide was measured by an infrared detection method (Method ASTM 

415.1, EPA-600/4-79-020). Total uranium analysis was performed by laser kinetic phosphorimetry. 

The kinetic phosphorimetry measurements were carried out using the kinetic phosphorescence 

analyzer KPA-11 (Chemchek) which uses a pulsed nitrogen dye laser and a complexing agent to 

measure uranium in solution. Detection limits are typically sub-ppb in solution. 

 

The information provided by the chemical analysis was used to produce artificial spectra of the 

available materials with the Monte Carlo code PENELOPE v. 2014 and CIEMAT’s add-on PENNUC. 

The artificial spectra differ from the original gamma-ray spectra in density of the sample, 

radionuclide composition and activity concentration. These spectra are used in order to cover a 

wider range of experimental conditions and to provide the network with more training examples. 
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Figure 3 – Schematic depicting ANN system realization process (I. A. Basheer, M. Hajmeer, 2000) 

 

ANNs come in different shapes and many different kinds of ANNs exist. They are classified by their 

purpose (e.g. solving classification problems, forecasting, etc.), learning algorithm and other 

characteristics of their use but for working with all kinds of ANNs there are three major steps to 

follow (see Figure 3): 

 

 Training: 
The training phase consists of designing and building the neural network as well as 
providing it the relevant training data. A set of training examples consists of the input data 
as well as the respective output or target data. With the use of the chosen training 
algorithm the connection weights and biases are adjusted until the desired output is 
reached.  

 

 Validation: 
This phase is used to evaluate if the network is correctly trained and working properly. 
Additionally, it is used to minimize overfitting. An overfitted network loses the ability to 
generalize the data. If the accuracy over the training data set increases, but the accuracy 
over the validation data set stays the same or decreases, the network is overfitting and 
training should stop. 
 

 Testing:  
This phase is to check if the output is correct and to evaluate predictive power of the ANN. 
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Gamma spectrometry laboratory 

The measurement system used for this project is based on a Canberra Industries GX4020 

extended-range coaxial detector with 45.4 % relative efficiency and a carbon-epoxy window. This 

kind of detectors can extend the usual energy range of Ge detectors down to a few keV. The 

electronic setup includes a high-voltage power supply from BERTAN, preamplifier, spectroscopy 

amplifier and pulse generator from CANBERRA and a successive-approximation analog-to-digital 

converter from SILENA driven by a PC. A prismatic shielding structure of about 80 x 80 x 80 cm 

surrounds the detector. It is composed by layers of Pb (5 cm), Cd (3 mm) and Cu (1.5 mm) (V. 

Peyres, E. García-Toraño, 2007). Figure 4 shows the detector system. 

 

The software used for spectrum acquisition is SILENA International SpA EMCA2000 MCA Emulation 

Software (2000). The software used to calculate the peak area is a non-linear code (GRILS) 

included in the GANAAS (International Atomic Energy Agency, 1991) package, which is freely 

distributed by the International Atomic Energy Agency.  

 
 

Figure 4 – Detector and cooling system at CIEMAT gamma laboratory 

 

Once the gamma spectrum has been acquired, the activity of a sample can be calculated using the 

following formula: 

𝐴 =
𝑁

𝑡 Ɛ(𝐸) 𝑝Ɣ
 𝑓𝑐  𝑓𝑎 

 

A sample activity  Ɛ(E) efficiency at energy E 

N counts in the peak area 𝑝Ɣ photon emission probability 

t measurement time 𝑓𝑎 pile up correction factor 

𝑓𝑐 coincidence summing correction factor  
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The evaluation of activity content in a sample requires the detector to be properly calibrated in 

terms of energy and efficiency response. The detection efficiency highly depends on source-to-

detector and sample geometry, amount and composition of sample material and energy of the 

gamma-rays to be measured. Self-attenuation of the gamma-rays due to the sample material has 

to be considered. The detection efficiency for each sample has to be determined. This can be done 

with a standard source – a source with the same geometry and material as the sample that is to be 

measured, but with a traceably known activity concentration. This is a time-consuming process 

that in most cases requires a large number of standard sources or is only feasible for a small 

number of sample situations. Therefore, in many cases mathematical models are used to calculate 

the efficiency of the detector. With mathematical models a large variety of sample situations can 

be used. At CIEMAT, the Monte Carlo simulation code PENELOPE v.2014 is used to build a virtual 

image of the detector and calculate the interaction of photons in the detector and source 

materials. Figure 5 shows the virtual detector image of CIEMAT’s detector.  

 

PENELOPE is a Monte Carlo simulation code to address radiation transport problems. The same 

experiment is repeated very often under identical circumstances using pseudo-random numbers.  

The computer creates and tracks millions of particles on their way through the sample-and-

detector system. These particles are created in random places in the sample material and move on 

a random direction through the system, interacting with the sample material, air and detector 

material according to the physical model until they are either absorbed by surrounding material or 

leave the system. Each interaction can reduce the energy of the particle and change its direction. 

In many occasions secondary particles are produced that are also tracked. Eventually, the energy 

of the particle is so low, that it can be absorbed by the surrounding material. In order to simulate 

these histories, an interaction model is needed. It is based on the differential cross-sections for the 

relevant interaction mechanisms that are used to determine the probability distribution functions 

of the random variables used to characterize the track. A large number of tracked interactions is 

used to estimate average particle behavior. With this information it is possible to calculate 

efficiency curves for the system. These efficiency curves can then be used to calculate the activity 

Figure 5 – 2D and 3D virtual detector images of CIEMAT detector (PENELOPE) 
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content of the sample (F. Salvat, et al., 2001). Figure 6 shows the full energy peak efficiency curve 

obtained for CIEMAT’s detector using PENELOPE. 

 
Figure 6 – Full-energy peak efficiency curve obtained by Monte Carlo simulation and experimental data used to 

validate the model. Also shown are the z-score values that are, for all sources, within one standard deviation (V. 
Peyres, E. García-Toraño, 2007) 

 

For the handling of coincidence summing CIEMAT developed an add-on to PENELOPE called 

PENNUC. With PENNUC the simulation process involves all particles in a cascade, whereas 

PENELOPE on its own simulates each particle separately. Therefore, coincidence summing is not 

separately calculated, but is an integral part of the whole detection efficiency calculation.  

This is a very time consuming process that requires expert knowledge of the detector system at 

hand and the underlying physical processes but can be applied with very good results to a wide 

variety of situations.  

 

Sample preparation  

The samples used as input data for the ANN are samples from MetroNORM Work Package 1 as 

well as NORM samples available at CIEMAT. The samples were carefully weighted and prepared 

using polypropylene containers as can be seen below. After equilibrium had been reached (21 

days) the samples were measured on CIEMAT’s GX4020 detector. Figure 8 to Figure 9 show the 

samples at different stages in the preparation and measurement cycle. 
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In order to cover a wider range of real conditions and make the ANN applicable to a greater 

number of situations, a large number of artificial spectra have been created using the Monte Carlo 

code PENELOPE v.2014 and PENNUC. These spectra vary significantly in density and activity 

concentration of the analyzed radionuclides and have been used as the training data sets for the 

ANN.  

 

 

In order to cover a wider range of real conditions and make the ANN applicable to a greater 

number of situations, a large number of artificial spectra have been created using the Monte Carlo 

code PENELOPE v.2014 and PENNUC. These spectra vary significantly in density and activity 

concentration of the analyzed radionuclides and have been used as the training data sets for the 

ANN.  

Figure 7 – Phosphogypsum sample in 
measurement geometry  

Figure 9 – Sample in measuring position 
inside the detector shielding 

Figure 8 – Preparation process of Phosphogypsum 
Huelva samples 

Figure 10 – Selected NORM available at CIEMAT 
before sample preparation 
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To gain significant results, the real materials have been measured for 200000 s on the detector 

while a number of 5.00E+08 showers have been simulated for each radionuclide and density, 

amounting to a total number of 126 simulations. After separately calculating the efficiency for 

each radionuclide, material and density using PENELOPE, the spectra are convoluted. This means, 

that the calculated data is convoluted with a Gaussian curve whose width is a function of energy in 

order to reproduce the system’s response and include the electronic noise. Figure 11 illustrates 

the difference between the data calculated by PENELOPE and the convoluted data. 

 

Figure 11 – Difference between convoluted and not-convoluted data 

 

Afterwards, the calculated data of each material and radionuclide is multiplied by the target 

activity and combined in order to gain one synthetic spectrum per material, density and activity 

concentration that includes all radionuclides as in the real spectrum. This gives a spectrum 

containing the counts per second for each energy bin according to the formula  

𝐴 ∗ Ɛ(𝐸) =
𝑁

𝑡  
  

where N is the total number of counts in the peak. Correction factors do not appear in this 

equation, as they are already included in the efficiency calculated by PENELOPE and PENNUC. In 

this way a total number of 635 artificial spectra with varying distributions of activity concentration 

have been generated as training input to the ANN. To generate the artificial spectra and train the 

ANN, the software package Matlab has been used. 

In order to create an ANN that correctly predicts the output, representative samples have to be 

used as training input. This requires intensive study of equilibrium and disequilibrium situations 

and careful sample preparation. 
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Typical gamma spectra of selected materials 

Figure 12 shows a typical spectrum obtained with a germanium detector while Figure 13 shows a 

synthetic spectrum of the same material obtained using the combined and convoluted data 

calculated using PENELOPE. The different number of data points is due to the fact that the 

detector has a total number of 8192 channels while PENELOPE uses only 1000 channels for the 

simulation.  

 

 

Figure 12 – Typical spectrum taken with CIEMAT’s germanium detector 

 

 

Figure 13 – Simulated spectrum of TiO2 using 1000 channels, calculated using PENELOPE 
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Figure 14 to Figure 16 show the positions of the analyzed gamma lines in the spectrum. The other 

peaks in the low energy part of the spectrum are x-rays generated by photons interacting with the 

detector shielding and backscattering from peaks of higher energy. As can be seen from this 

spectrum, this sample of TiO2 contains only very low amounts of 234Th and 235U. The emission 

probability of 210Pb is so low (around 4 %) that even after a counting time of 200000 s the peak is 

still relatively low. 

 

 

Figure 14 – Position of the gamma lines in the spectrum of TiO2: low energy range 

 

 

Figure 15 – Position of the gamma lines in the spectrum of TiO2: intermediate energy range 
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Figure 16 – Position of the gamma lines in the spectrum of TiO2: higher energy range 
 

 

Figure 17 shows typical spectra of NORM used in this project without background correction. TiO2 

and Phosphogypsum Huelva are above the exemption limit of 1 Bq/g for all analyzed radionuclides 

except 235U and 234Th. The radionuclide content of all other materials is below the exemption limit. 
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Figure 17 – Typical spectra of NORM without background correction, measuring time: 200000 s for all materials except 

for Phosphogypsum MetroNORM (75000 s) 
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Structure of the training material 

The information contained in each artificial spectrum has been calculated and extracted using a Matlab program and 
Matlab program and used as input for the ANN. The structure of the input is a matrix where the rows represent the 

rows represent the sample and the columns represent the individual lines to be analyzed, followed by information on 
by information on density, material and sample mass.  

Figure 18 shows a schematic of the input matrix. 

 

 
 

Figure 18 – Schematic of input matrix 

 

The ANN’s output layer consists of 12 nodes, each one corresponding to one analyzed line.  

 
Table 4 – List of material identifiers used to train the ANN 

 

Material Material code 

Ilmenita 1 

Phosphogypsum Huelva 2 

Phosphogypsum MetroNORM 3 

Sand 4 

TiO2 5 

Tuff 1 6 

Tuff 2 7 

 

 

After studying possible scenarios of disequilibrium, the artificial samples for both equilibrium and 

disequilibrium state were classified using five categories of activity content (Table 5). This means, 

that samples were produced to correspond to the activities shown in Table 5, therefore minimizing 

the total number of samples and relying on the power of the ANN to extrapolate to the missing 

data. These categories are also used to classify the output of the ANN. Category 1 corresponds to 

an activity well below the exemption limit, while categories 2 and 3 correspond to an activity 

below or of 1 Bq/g (the exemption limit), respectively. Categories 4 and 5 correspond to activities 

above and well above the exemption limit. 

  

sample 1 

sample 2 

. 

. 

. 
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Table 5 – Activity categories assigned in the sample preparation stage 

 

Activity Category 

0,1 Bq/g 1 

0,7 Bq/g 2 

1 Bq/g 3 

1,2 Bq/g 4 

20 Bq/g 5 

 

Training and testing of the network 

The ANN in this work has been trained using 635 equilibrium and disequilibrium samples for seven 

materials and three densities each. The network uses the sigmoidal transfer function LOGSIG and 

stops training after the validation vector has failed to decrease six times in a row. Other commonly 

used transfer functions are TANSIG or PURELIN, which are based on a tangent or purely linear 

transfer function, respectively. Figure 19 shows plots of the abovementioned sigmoidal transfer 

functions.  

 

 

Figure 19 – Sigmoidal transfer functions, left: LOGSIG, right: TANSIG 

 

 

Figure 20 to Figure 22 show the effects of different transfer functions on the output of the ANN. 

All other training parameters are the same. As can be seen, for this application the LOGSIG 

transfer function provides the best convergence of output values while a purely linear transfer 

function is not suitable at all for this purpose. 
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Figure 20 – Regression plot of an ANN with 31 neurons using a TANSIG transfer function 
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Figure 21 – Regression plot of an ANN with 31 neurons using a PURELIN transfer function 
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After determining the most suitable transfer function the number of neurons in the hidden layer 

has to be determined. This is usually done following a trial and error procedure. In order to keep 

the mean squared error as low as possible, the number of hidden neurons should be minimized. 

Medhat (M. E. Medhat, 2012) mentions in his work a 2n+1 rule, suggesting that with a number of 

n input neurons, 2n+1 hidden neurons should be sufficient for any network. Figure 22, Figure 23 

and Figure 24 show the regression plots of ANNs using different numbers of neurons. As can be 

seen, the network using 31 hidden neurons shows the best performance overall. This confirms the 

aforementioned 2n+1 rule.  

 

Figure 22 – Regression plot of an ANN with 31 neurons using a LOGSIG transfer function 

 



22 
 

 
 

Figure 23 – Regression plot of an ANN using LOGSIG transfer function and 30 hidden neurons 
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Figure 24 – Regression plot of an ANN using LOGSIG transfer function and 32 hidden neurons 

 

 

During the training process of the ANN it was decided to introduce the sample mass as an 

additional parameter of the training input data, expanding the input matrix from a 14 x 635 to a 

15 x 635 matrix. As can be seen in Figure 25 this additional input information ensures much better 

convergence of the ANN’s output.  
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Figure 26 shows the training parameters of the final ANN and the corresponding regression plot 

after training ended. In the training data set, good convergence of the output can be observed.  

 

Figure 27 gives the performance plot and training state of the network. The sudden drop in 

performance is due to the initial use of random weights. This causes the ANN to be trapped in a 

temporary minimum. Leaving that local minimum requires many iterations of with the training 

dataset from the ANN (Annema, 1995). 

 

  

Figure 25 – Regression plot with and without sample mass as input parameter, left: without, right: with sample mass 
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Figure 26 – ANN training parameters and regression plot 
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After retraining with the same parameters, the output of the ANN shows better convergence and 

an overall regression factor of 0.9975 (Figure 28).  

 

Figure 28 – Performance, regression and training state plots after retraining 

 

Figure 27 – ANN performance plot 
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To test the network the real spectra obtained using CIEMAT’s germanium detector have been 

used. Following the above-mentioned procedure the activity content was analyzed. From the ASCII 

spectrum an input to the ANN has been generated. The ANN’s output coincides with the 

categories manually assigned by the authors according to the results of conventional gamma-ray 

spectrometry. Figure 29 shows the output of the network for the testing materials. The output 

varies between 1 and 5 as those are the categories assigned in training material. 

 

  

Figure 29 – ANN output for each of the six testing materials 
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Conclusion 

This study was undertaken to find out if ANNs can be applied to the problem of determining if the 

activity concentration in a sample is above or below the exemption limit of 1 Bq/g. In the course of 

this work it was shown, that ANNs are well-suited to carry out this task. 

For specialized industries where only one material has to be analyzed and a large number of 

sample spectra are available, the authors propose the use of an ANN specifically trained to that 

purpose without the use of other materials.  

The biggest limiting factor for the use of ANNs is the availability of real sample material. In the 

course of this work this problem has been sidestepped by calculating artificial spectra from Monte 

Carlo simulations but this, in turn, necessitates the complicated and time-consuming study of 

disequilibrium situations. It is necessary to note that this constraint only applies to the creation of 

training material and of the ANN itself, not the usability of the ANN. 

For the end-user only a gamma spectrum in ASCII format and no specialized knowledge 

whatsoever in the field of gamma ray spectrometry is required.  
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