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Abstract 

NN (Neural Network) based algorithm is used for detecting the hidden weapons. Terahertz images are employed for our 
application. Some of the features like discrete cosine transform, discrete fourier transform, discrete wavelet transform, standard 
deviation, mean, moments and perimeter are used to identify the weapons uniquely. These features form the feature vector. An 
unsupervised learning algorithm (Adaptive Resonance Theory 2) is used for training the neural network for weapons like knife, 
gun, needle is trained. The Feature vector is first formed for the weapons then the network is trained using ART2. In our 
proposed method, THz techniques are promising for the detection of weapons hidden inside clothing or any other packages. 

Keywords: Adaptive Resonance Theory2, discrete cosine transform, discrete fourier transform, discrete wavelet 
transform, neural network. 

1. Introduction 

The term Neural Network was traditionally used to refer to a network or circuit of biological neurons. The 
modern usage of the term often refers to artificial neural networks, which are composed of artificial neurons or 
nodes.  

A neural network (NN), in the case of artificial neurons called artificial neural network (ANN) or simulated 
neural network (SNN), is an interconnected group of natural or artificial neurons that uses a mathematical or 
computational model for information processing based on a connectionist approach to computation. In most cases an 
ANN is an adaptive system that changes its structure based on external or internal information that flows through the 
network [9], [17]. 

In more practical terms neural networks are non-linear statistical data modeling or decision making tools. 
They can be used to model complex relationships between inputs and outputs or to find patterns in data. However, 
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the paradigm of neural networks - i.e., implicit, not explicit , learning is stressed - seems more to correspond to some 
kind of natural intelligence than to the traditional Artificial Intelligence, which would stress, instead, rule-based 
learning [5]. 

Motivation for Neural Networks 

• Scientists are challenged to use machines more effectively for tasks currently solved by humans.  

• Symbolic Rules don't reflect processes actually used by humans. 

• Traditional computing excels in many areas, but not in others.  

1.2. Terahertz Radiation 

Terahertz waves lie at the far end of the infrared band, just before the start of the microwave band. In 
physics, terahertz radiation refers to electromagnetic waves propagating at frequencies in the terahertz range. It is 
synonymously termed sub millimeter radiation, terahertz waves, terahertz light, T-rays, T-light, T-lux and THz. The 
term typically applies to electromagnetic radiation with frequencies between high-frequency edge of the microwave 
band, 300 gigahertz (3×1011 Hz), and the long-wavelength edge of far-infrared light, 3000 GHz (3×1012 Hz or 
3 THz). In wavelengths, this range corresponds to 0.1 mm (or 100 µm) infrared to 1.0 mm microwave. The THz 
band straddles the region where electromagnetic physics can best be described by its wave-like characteristics 
(microwave) and its particle-like characteristics (infrared). Terahertz radiation is non-ionizing sub millimeter 
microwave radiation. Terahertz radiation can pass through clothing, paper, cardboard, wood, masonry, plastic and 
ceramics. It can also penetrate fog and clouds, but cannot penetrate metal or water [2], [15].  
 

Sources: Terahertz radiation is emitted as part of the black body radiation from anything with temperatures 
greater than about 10 Kelvin. As of 2004 the only viable sources of terahertz radiation were: 

• the gyrotron 
• the backward wave oscillator ("BWO") 
• the far infrared laser ("FIR laser")  
• quantum cascade laser 
• the free electron laser (FEL) 

Application: 

Medical imaging  

• Contrary to X-rays, terahertz radiation has relatively low photon energy for damaging tissues and DNA. It also 
allows effective detection of epithelial cancer with a safer and less invasive or painful system using imaging.  

• The certain frequencies of terahertz radiation can be used for 3D imaging of teeth and may be more accurate 
than conventional X-ray imaging in dentistry [15]. 

 
Security  

• Terahertz radiation can penetrate fabrics and plastics, so it can be used in surveillance, such as security 
screening, to uncover concealed weapons on a person, remotely. It have unique spectral "fingerprints" in the 
terahertz range. This offers the possibility to combine spectral identification with imaging [11]. 
 

Scientific use and imaging 

• Spectroscopy in terahertz radiation could provide novel information in chemistry and biochemistry.  
• A primary use of sub millimeter waves in physics is the study of condensed matter in high magnetic fields.  
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Communication 

• Potential uses exist in high-altitude telecommunications, above altitudes where water vapor causes signal 
absorption: aircraft to satellite, or satellite to satellite.  
 

Manufacturing 

• Many possible uses of terahertz sensing and imaging are proposed in manufacturing, quality control, and 
process monitoring[11]..  

2. Previous Method 

The identification and recognition of Magneto-telluric data for sedimentary basins using Adaptive Resonance 
Theory (ART2).The ART is an unsupervised learning algorithm where the network is provided with inputs but not 
with desired outputs. The system itself must then decide what features it will use to group the input data. Several set 
of data consisting of 17 phases and 17 apparent resistivity values and their respective tag values are given. These 
sets of data are used for training the network, and other sets of data are used to test the network. The testing will 
result in the approximate identification of the data patterns with tag value of 1where there is sediment of 
hydrocarbon and a tag value of 0 where there is no sediment of hydrocarbon in the given data set. Various 
techniques used which are creating the pattern files, normalizing the files, training the neural network, adjustment of 
weights and parameters, network file creation and finally testing of the field data for the pattern identification. The 
main disadvantage of ART is that in the presence of noisy data, ART has the tendency to create new clusters 
continuously resulting in ‘category proliferation’ [2].  

There has been intense interest in the use of millimetre wave and terahertz technology for the detection of concealed 
weapons, explosives and other threats. Electromagnetic waves at these frequencies are safe, penetrate barriers and 
have short enough wave lengths to allow discrimination between objects. In addition, many solids including 
explosives have characteristic spectroscopic signatures at terahertz wavelengths which can be used to identify them. 
This paper reviews the progress which has been made in recent years and identifies the achievements, challenges 
and prospects for these technologies in check point people screening, standoff detection of improvised explosive 
devices (IEDs) and suicide bombers as well as more specialized screening tasks. The main disadvantage is without 
human intervention, the system could not identify the type of weapon [3].  

Adaptive Resonance Theory 1 (ART1), an efficient algorithm that emulates the self-organizing pattern recognition 
and hypothesis testing properties of the ART neural network architecture for horizontal and vertical classification of 
0-9 digits recognition. In our approach the ART1 model can self-organize in real time producing stable and clear 
recognition while getting input patterns beyond those originally stored. It can also preserve its previously learned 
knowledge while keeping its ability to learn new input patterns that can be saved in such a fashion that the stored 
patterns cannot be destroyed or forgotten. A parameter called the attentional vigilance parameter determines ‘how 
fine the categories will be. If vigilance increases or decreases due to environmental control feedback, then the 
system automatically searches for and learns fine recognition categories. The main limitation in this system is which 
is applicable only for discrete inputs. We can’t give continuous input [4]. 

3. Proposed Method 

By having terahertz image as input, in our proposed system is detected the concealed weapons. Weapons like knife, 
gun and needle are trained. They have unique reflection and absorption properties. Adaptive Resonance Theory 2 
algorithm is used for training neural networks. Edge images are obtained with the help of Sobel filter. Fourier, DCT, 
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DWT features are extracted from the edge image at various resolutions. In order to discriminate the multi weapon 
class, a unique feature vector comprising of DCT, DFT and DWT coefficients, primitive features like area, 
perimeter, mean, and standard deviation is derived. Then the weapons are clustered using their feature vector. 

3.1 Block Diagram 

Terahertz images of size 256X256 are used in our proposed system. The images are converted into gray scale 
images. Then the background (muscle or wall) from the image are subtracted and then muse only on the weapons 
which are shown in Fig. 1. Unsupervised learning Algorithm (ART2) is used to train our neural network. 

 

Fig. 1 Block Diagram of Proposed system 

ART-2 Architecture is divided into two subsystems 
• Attentional subsystem 
• Orienting subsystem  

 
Attentional subsystem consists of two layers 

• F1 layer 
• F2 layer 

The input is given to F1 layer, where normalizing of the input vector is performed. In F2 layer, the process of 
clustering takes place (pattern creation). F1 layer consists of six sub layers [1], [15], [22]. They are 

• Layer 1-W layer 
• Layer 2-X layer   
• Layer 3-V layer 
• Layer 4-U layer  
• Layer 5-P layer  
• Layer 6-Q layer  

 In F2 Layer, the process of clustering is done. Each neuron in this layer consists of a unique pattern. If the entered 
pattern matches with anyone of the existing patterns in neurons then it is placed in the same neuron. Otherwise a 
new neuron is created and the entered pattern is stored. 

3.2 Orienting Subsystem 

The Orienting Subsystem is used to reset the layers of attentional subsystem. Its block diagram is described in Fig.2. 
During the comparison, whenever the mismatch occurs, the orienting subsystem gets activated and resets the layers 
of attentional subsystems are, deactivating the neurons in the layers [5]. 



Poorani M, IJRIT  141 
 

 

Fig. 2 Block Diagram of Orienting Subsystem 

3.3 ART 2 Algorithm 

ART 2 tends network capabilities to support continuous inputs 

• Let M be the number of units in each F1 sub layers and N be the number of the units on F2 layer. 
• Parameters are chosen according to following constraints: a, b>0, 0<=d<=1, ((c + d)/(1-d))<=1, 0<=theta<=1, 

0<=p<=1, e<=1 
• Top down weights all initialized to zero , Zij(0)=0 
• Bottom up weights are initialized, Zij(0)<1/ (1-d)*M 

 

The following sequence steps are performed in our system [22] 

1. Initialize all layers and sub-layers output to zero vectors, and establish a cycle counter initialized to a value of 
one. 

2. Apply an input pattern, I to the w layer of F1. The output of this layer is Wt=It+a*Ut 
3. Propagate forward to the x sub layer, Xt=Wt/(P+|W|) 
4. Propagate forward to the v sub layer, Vt=f(Xt)+b*f(Qt) 
5. Propagate to the u sub layer, Ut=Vt/(e+|V|) 
6. Propagate forward to the p sub layer, Pt=Ut+d*Zij  
7. Propagate to the q sub-layer, Qt=Pt/(e+|V|). 
8. Repeat steps 2 through 7 as necessary to stabilize the values on F1 
9. Calculate the output of the r layer, Rt=(Ut+Pt)/(e+U+cp) 
10. Determine whether a reset condition is indicated. If then send a reset signal to F2. P/(e+r)>1 
11. Propagate the output of the p sub-layer to the F2 layer. Calculate the net inputs to F2 Tf=Sum (Pt*Ztf), where 

t=1, 2… m 
12. Only the winning F2 node has nonzero output. G(Tf)=d*Tf={max(Tk),0-otherwise} 
13. Repeat steps through 6 to 10 
14. Modify bottom up weights on the winning F2 Unit, Ztf=Ut/(1-d) 
15. Modify top down weights coming from the winning F2 Unit. 
16. Remove the input vector. Restore all inactive F2 units. 

Return to step 1 with new input pattern. 

 

3.4 Shape Descriptors 

There is a wide range of simple shape properties. They are usually not very discriminative because they often return 
similar values for very different shapes. The calculation of these properties can be done very fast. Shape based 
descriptors are area, perimeter, compactness, eccentricity, elongation, rectangularity [3]. 

3.5 Statistical Properties and Standard Deviation 
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Mean: In statistics, mean has two related meanings: 

• The arithmetic mean (and is distinguished from the geometric mean or harmonic mean). 
• The expected value of a random variable, which is also called the population mean. 

Arithmetic Mean (AM): It is the "standard" average, often simply called the "mean" which is calculated by 
following equation (1) 

                          �̅ � �
�∑ ���

���                  (1) 

The mean is the arithmetic average of a set of values, or distribution; however, for skewed distributions, the mean is 
not necessarily the same as the middle value (median), or the most likely (mode).  

Standard deviation is a widely used measurement of variability or diversity. A low standard deviation indicates that 
the data points tend to be very close to the mean, whereas high standard deviation indicates that the data are spread 
out over a large range of values. 

3.6 The Discrete Cosine Transform (DCT)  

The discrete cosine transform (DCT) helps separate the image into parts (or spectral sub-bands) of differing 
importance (with respect to the image's visual quality). The DCT transforms a signal or image from the spatial 
domain to the frequency domain [20], [21]. 

 

Fig. 3 Block Diagram of Discrete Cosine Transform 

The basic operation of the DCT is as follows:  
• The input image is N by M; f(i,j) is the intensity of the pixel in row i and column j; F(u,v) is the DCT 

coefficient in row k1 and column k2 of the DCT matrix.  
• For most images, much of the signal energy lies at low frequencies; these appear in the upper left corner of the 

DCT.  
• Compression is achieved since the lower right values represent higher frequencies, and are often small - small 

enough to be neglected with little visible distortion.  
• The DCT input is an 8 by 8 array of integers. This array contains each pixel's gray scale level; 8 bit pixels have 

levels from 0 to 255. Therefore an 8 point DCT would be: 

  	
�� � 1/21
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3.7 Image Moment 

In image processing, computer vision and related fields, an image moment is a certain particular weighted average 
(moment) of the image pixels' intensities, or a function of such moments, usually chosen to have some attractive 
property or interpretation. It is useful to describe objects after segmentation. Simple properties of the image which 
are found via image moments include area (or total intensity), its centroid, and information about its orientation [19]. 
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3.8 DFT and DWT 

The discrete Fourier transform (DFT) is a specific kind of discrete transform, used in Fourier analysis. It transforms 
one function into another, which is called the frequency domain representation, or simply the DFT, of the original 
function (which is often a function in the time domain). But the DFT requires an input function that is discrete and 
whose non-zero values have a limited (finite) duration. Such inputs are often created by sampling a continuous 
function, like a person's voice. In DWT, the original image is high-pass filtered, yielding the three large images, 
each describing local changes in brightness (details) in the original image. It is then low-pass filtered and 
downscaled, yielding an approximation image; this image is high-pass filtered to produce the three smaller detail 
images, and low-pass filtered to produce the final approximation image in the upper-left [13].  

Haar wavelet transform may be considered to simply pair up input values, storing the difference and passing the 

sum. This process is repeated recursively, pairing up the sums to provide the next scale: finally resulting in   2n − 
1 differences and one final sum. 

The most commonly used set of discrete wavelet transforms was formulated by the Belgian mathematician Ingrid 
Daubechies in 1988. This formulation is based on the use of recurrence relations to generate progressively finer 
discrete samplings of an implicit mother wavelet function; each resolution is twice that of the previous scale [13]. 

 

4. Experimental Results 

The proposed system is implemented using MATLAB 6.5 with image processing toolbox on Intel Core 3 processor 
with 2 GB of RAM and 40 GB of Hard disk. Figure 4, 5 shows the THz image of a man, who has some weapons 
inside the cloth and the file. 

 

Table 1 

Trained Database 

  

 

Fig. 4 THz Image of man having 
concealed Gun and Needle 

 Fig. 5 THz Image of man having 
concealed Knife 
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Table 1 shows the trained database of our proposed system for Reinforcement Learning. This type of learning may 
be considered as an intermediate form of the above two types of learning. Here the learning machine does some 
action on the environment and gets a feedback response from the environment. The learning system grades its action 
good (rewarding) or bad (punishable) based on the environmental response and accordingly adjusts its parameters. 
Generally, parameter adjustment is continued until an equilibrium state occurs, following which there will be no 
more changes in its parameters. The self-organizing neural learning may be categorized under this type of learning.  

   
(a) (b) (c) 

Fig 6. a, b, c, Edge detection performed by canny edge detector mask 

Canny operator is used for edge detection of the weapons which results are showed in figure 6. 

Table 2 Feature Vector for Trained Database 

Features Gun1 Knife Needle 
Plastic 

Explosive 
Ceramic 

Explosive 
Gun2 Gun3 

Area 1144 2612 498 1365 1250 1622 1575 

Perimeter 115 269 86 151 158 180 106 

Mean 24.31 25.40 58.19 104.1 96.7 130.1 86 

Standard Deviation 39.97 53.151 36.27 65.2 58.7 41.6 101.2 

DCT 185.97 208.59 236.17 486.5 426 511.9 1346 

DFT 526 590 668 1376 1205 144.8 475.9 

Approximation 
DWT 

99.7 164.75 200.11 242.5 308.3 136.5 51.6 

Horizontal DWT 101.82 17.677 174.66 185.3 179.6 137.2 2.8 

Vertical DWT 26.16 12.727 0 130.1 70 134.4 224.2 

Diagonal DWT 116.67 178.89 11.31 316.8 286.4 151.3 41.7 
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Table 2 shows the feature vector of the trained database which used for identify the weapons in the reinforcement 
learning system. 

5. Conclusion 

Neural Network Based Algorithm for Detecting Hidden Weapons has been proposed. By giving Terahertz image as 
input and is detected the hidden weapons successfully. Our neural network is trained with the help of Adaptive 
Resonance Theory 2 algorithm. This proposed system adapt to the change in environment also. With the help of this 
algorithm, weapons are detected without any human intervention. Our neural network is trained for weapons like 
knife, gun and needle. In future, hidden explosives will be trained by modifying this algorithm. Some additional 
features will be included in the feature vector for detecting explosives. 
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