
2009nternational Nuclear Atlantic Conference - INAC 2009 
Rio de Janeiro.RJ, Brazil, September27 to October 2, 2009 
ASSOCIACAO BRASILEIRA DE ENERGÍA NUCLEAR - ABEN 
ISBN: 978-85 99141-03-8 

USE OF ARTIFICIAL NEURAL NETWORKS IN DRUG AND 
EXPLOSIVE DETECTION THROUGH TOMOGRAPHIC IMAGES 

WITH THERMAL NEUTRONS 

Francisco J. O. Ferreira, Verginia R. Crispim, Ademir X. Silva 

[DNC/Poli - PEN COPPE] CT - UFRJ 
Universidade Federal do Rio de Janeiro 
CEP 21941 -972 - Caixa Postal 68509 

Rio de Janeiro - Brazil 
fferreira@ien.gov.br 
verginia@con.ufri.br 
ademir@con.ufri.br 

ABSTRACT 

The Artificial Neural Network technique was used to identify drugs and plástic explosives, 
from a tomography composed by a set of six neutrongraphic projections obtained in real time. 

idimensional tomographic images of samples of drugs, explosives and other materials, when 
digitally processed, yield the characteristic spectra of each type of material. The information 
contained in those spectra was then used for ANN training, the best images being obtained 
when the Multilayer Perceptron model, the ack-Propagation training algorithm and the 
Cross-validation interruption criterion were used. ANN showed to be useful in forecasting 
presence of drugs and explosives hitting a rate of success above 97 %. 

1. INTRODUCTION 

To develop the system presented in this work, a methodology capable of classifying and 
identifying drugs and explosives that was both automatic and independent of an operator's 
action was adopted through an Artificial Intelligence (AI) technique, known as Artificial 
Neural Networks (ANN). The ANN are mathematical models inspired in the human brain 
that have the capacity to "learn , from a finite set of information, and to generalize the 
knowledge, qualifying it to adequately respond to situations that are not contained in the data 
used for training (Haykin, 1999). 

Due to the strong attenuation of the thermal neutrons by the hydrogen nuclei, inspection of the 
hydrogenated material by neutrón inspections is potentially better in comparison with other 
Non Destructive Assay (NDA) techniques. Plástic explosive materials, just as some types of 
drugs (cocaine and its derivatives), when encapsulated by heavy metáis, such as steel and 
lead, indicate that inspection with neutrons is essential (Eberhardt et al, 2005). 
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2. MATERIAL AND METHODS 

Non Destructive Assays (NDA) using various sample types were performed, such as, the 
suspect materials: cocaine in various forms and purity degrees, C4 plástic explosive and 
explosive simulator (ammonium nitrate) as well as materials usually found in hand baggage: 
sugar, lipstick, coffee, leather, pens (plástic), paper, antacid salts, tabacco, cotton and tale. All 
of the materials were packaged in cylindrical aluminum sample cases, each having a 10 mm 
diameter. Digital image processing techniques were applied to extract pertinent information 
about each type of material, which were used as training for the Artificial Neural Network 
(ANN) assigned to classify and identify the suspicious samples. 

2.1. Experimental setup for neutrón tomography 

The developed tomographic system supplied two-dimensional images of specimens obtained 
after four sequential stages: (1) acquisition of neutrón radiographic images, through the Real-
Time Electronic Imaging System; (2) synchronized rotations of the tomographic table, 
supplied by a step motor, in a number equal to the neutrongrahic projections; (3) 
reconstruction of the image with the Máximum Entropy Image Reconstruction Algorithm 
(MEIRA); (4) ANN response, in terms of classification and identification of the suspicious 
sample. 

The neutrón tomographyc tests were performed using the experimental arrangement installed 
on beam channel J-9 of the Argonaut nuclear reactor of the IEN/CNEN, operated at the 
nominal power of 340 watts, with the neutrón beam characteristics, on the image plañe, as 
follows: thermal neutrón flux 4,46xl05 n/cm2. s; collimation ratio, LID, of 70 ; ratio njy 
of 3 x 106 n/cm2 mrem; average neutrón energy of 30 meV. Figure 1 illustrates the position 
of the described tomographic system, in the central irradiation J-9 beam channel of the 
Argonaut reactor / IEN / CNEN. It was positioned in such a way that the video camera 
remained perpendicular to the neutrón beam. 

(a) (b) 

Figure 1 - (a) Irradiation J-9 beam channel of the Argonauta reactor / IEN / CNEN; 

(b) System Tomographic. 
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2.2. Digital processing of the image tomography 

Next, the images were analyzed on three stages, namely (Gonzales, 2002): (1) low-level 
processing, including image acquisition and pre-processing; (2) intermediate-level 
processing, including component extraction and characterization (for example, regions of 
interest); (3) high-level processing, including the recognition and interpretation of the data 
contained in the reconstructed images. 

The two-dimensional image is formed by an arrangement of pixels (picture element), where 
each pixel represents 256 possibilities of levéis of grey or color (8 bits) that contain 
information about the location and constitution of the sample materials. Digital image 
processing techniques can be used, such as the window technique, which allows the image to 
be segmented in accordance with the frequency of grey or color levéis, which correspond to 
the total attenuation of thermal neutrons in each pixel of the tomographic image. This 
distribution of color levéis generates the characteristic spectrum of each material. 

To fulfill the third stage, the use of artificial intelligence was selected. In this sense, similar 
to the procedure described by (Wang et al., 2005) neural networks with multi-layered 
architectures were applied using back-propagation training in order to determine and classify 
the patterns of the digital images. 

2.3. Artificial neural network 

The Multilayer Perceptron (MLP) model (Rumelhart et al., 1986), represented in Figure 2, is 
considered a neural network of general purpose usage which allows learning through the 
correction of errors in the múltiple layers of the network. The capacity to generalize and the 
skill to realize a universal approximation of functions are among the most important 
characteristics of this model (Hornik et al., 1989). MLP with a back-propagation algorithm 
has been the most frequently-used model of artificial neural network for problems of pattern 
classification. The stopping criterion cross-validation type (Rumelhart et al., 1986) uses a 
part of the training set, known as the test set, to decide the stopping point of network training 
avoiding overtraining, which may have consequences such as: loss of generalization and an 
increase in analysis time. 

Figure 2 - The Multilayer Perceptron (MLP) Neural Network. 
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3. RESULTS 

ln Figure 3, the two-dimensional tomographic images obtained, for each of the inspected 
materials, are presented. 
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Figure 3 - The two-dimensional Tomographic Images. 

The Figure 4 and 5 shows a chart containing the distribution frequencies of the color levéis in 
the images related to each inspected material, which originated each characteristic spectrum. 
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Figure 4 - The distribution frequencies of the color levéis in the images related to each 
inspected material. 
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Figure 5 - The distribution frequencies of the color levéis in the images related to each 
inspected material. 

Tests were carried out with some ANNs architectures. The best results were achieved by 
using the Multi-Layered Perceptron (MLP) model. Supervised training was employed Back-
propagation algorithm and the stopping criterion for cross-validation was selected, based on 
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the best results for the test set. In Table 1, the parameters for the ANN training and the results 
obtained are shown. In total, 128 neutrón tomography were performed, 8 for each sample. 

Table 1 - Results of ANN training 

PARAMETERS 

ACTIVATION 

FUNCTION 

ÑEÜRÓÑS 

INPUT 

Linear 

[-1=1] 

_ _ 

LAYERS 

INTERMEDÍATE OUTPUT R a t e C t l 0 n 

Gaussian Tanh 

6 6 

Gaussian Logistic 

Complementar 97 % 

y 
_ _ 

RESULTS 

Detection errors 

False False 
positive negative 

1,5% 1,5% 

Learningrater | = 0,01 - Momentum = 0,l - Weight = 0,3 

Training Time = 20 seconds 

4. CONCLUSIONS 

The developed system was able to recognize illicit materials, supplying automatic responses 
in approximately 1 minute, which makes its use viable in sectors of baggage inspection or 
postal services. It supplied results compatible with other systems described in the literature 
(Wang et al, 2005 and Eberhardt et al. 2005). An Apllication on ANN the System was able to 
respond with a 97 % rate of detection, 1.5% being false-positives and 1.5% false-negatives. 
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