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Abstract: In this study, we propose a buried object classification approach using ground 

penetrating radar (GPR), with special emphasis on buried surrogate mines. The 

processing is carried out on B-scans which are 2D GPR responses. The buried object 

features are extracted using angular radial transform (ART) as this method is compact, 

efficient and noise tolerant. Multi-layer perceptrons (MLP) are used for object 

classification as they can compensate for the clutter inherent in GPR responses by means 

of learning through examples. The classification results are compared with the output of 

k-nearest neighbor (k-NN) algorithm, and the superiority of neural networks is presented. 

The results are presented on an extensive GPR dataset consisting of several types of 

surrogate mines and other common objects buried under the ground.  

 

1. Introduction  

 
Ground penetrating radar (GPR) has been extensively used for surveying various types of 

structures for many types of applications including, but not limited to, archaeological 

investigations, detection of buried landmines, forensic investigations and medical imaging, as 

it is one of the very few methods available for nondestructive inspection of objects which lie 

beneath an optically opaque surface [1]. Basically, GPR detects any dielectric discontinuity in 

the surveyed area. However, it can also be used for identifying the buried objects according to 

their geometry. This study focuses on discriminating different types of surrogate mines and 

some other common objects buried under the ground. 

 

A simple block diagram of the GPR system is given in Fig. 1. The system first generates a 

signal via its transmitter and emits it to the ground. This signal is reflected from the ground 

surface, heterogeneities in the ground, and the actual target. Receiver antenna collects these 

reflected signals along with antenna coupling. Next, the received raw GPR signal is digitized 

and processed. 

 
Figure 1.  Block diagram of the GPR system 



 

In this study, we propose to use angular radial transform (ART) on 2D GPR data to extract the 

discriminatory information inherent in the returning signals. To the best of our knowledge, 

ART was not exploited in the underground inspection problem. ART is a moment-based 

image description method adopted in MPEG-7 [2]. It is a region-based shape descriptor which 

gives a compact and efficient way of understanding how pixels are distributed in the image 

[3] and it is used in image indexing and retrieval [4], human face detection [5] and many other 

areas. After extracting distinctive information from 2D GPR data, we use multi-layer 

perceptrons (MLP) with backpropagation algorithm and k-nearest neighbor (k-NN) algorithm 

to classify the targets, which are the most popular supervised learning approaches. 

 

It should be emphasized that, in this study, we assume object detection phase is completed 

([6], [7]). In the detection phase, the location of an inhomogeneity under the ground is 

determined. Subsequently, another scan is carried out in order to identify the source of the 

inhomogeneity. This second scan is realized such that the location of detection alarm is 

positioned at the center of the scanned line. The detection phase is previously applied since 

the proposed identification approach yields reasonable results when applied only around the 

alarm locations. 

 

This paper is structured as follows. Section 2 presents the problem formulation and explains 

the proposed algorithm. Section 3 gives the results of applying this technique to a dataset of 

surrogate mines and other common objects, which is collected using a GPR sensor developed 

at The Scientific and Technological Research Council of Turkey (TÜBİTAK). Conclusions 

are finally given in Section 4. 

 

2. Problem Formulation and Algorithm 

 

2.1 Data Representation 

 

A GPR B-scan is represented as a 2D image composed by concatenating the vertical 1D GPR 

responses gathered at specific positions, each of which is called as an A-scan. A B-scan is 

formed by swinging the GPR sensor, thereby collecting several A-scans. In this study, we 

deal with B-scans only. When a buried mine or another object is present under the ground, its 

reflected waveform in the B-scan pattern shows a hyperbolic structure. The parameters of the 

hyperbola, which are the horizontal and vertical apex positions and the slope of the hyperbola 

asymptotes, vary depending on the size, shape, electrical properties of the buried objects and 

the antenna beam width. 
 

2.2 Angular Radial Transform 

 
ART employs a two-dimensional complex transform defined on a unit disk. Having orthogonal 
basis functions, ART can represent the shape of an object in an image with no redundancy [8]. 
Moreover, ART has a high noise tolerance and it is invariant to linear transformations [9]. 

The ART basis functions, ),( nmV which is of order n and m are separable along radial and 

angular directions, and they can be expressed as 
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where n and m are nonnegative integers. Radial part of the basis functions can be shown as 
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To achieve rotational invariance, the angular basis function is defined as 
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ART coefficients are found by projecting the input onto the aforementioned basis functions as 
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where ),( f is the input image in polar coordinates, and Fnm is the ART coefficient of order 

n and m. Fig. 2 shows the real parts of the two-dimensional basis functions whose origins are at 
the center of each image. In this study, 12 angular and 3 radial functions are utilized (n=3 and 
m=12) as proposed by the MPEG-7 committee. The imaginary parts of the given basis 
functions have similar shape but with different phases. In the images, the brighter pixels 
correspond to the high values of the basis function values. 

 

 
Figure 2.  Real parts of the angular radial transform basis functions 

 
In order to obtain rotational invariance, only the magnitude of the ART coefficients are used 
[8], which results in the generation of 35 coefficients (m x n - 1). Since the first basis function 
(top leftmost basis function in Fig. 2) does not convey much information, it is discarded 
without loss of information. Finally, the normalized values of the magnitudes are utilized as 
the features of the GPR B-scan. 

The main advantage of this method is that, since it is a region based approach, it is applicable 
to retrieve any type of shape information. In addition, ART is quite robust to noise. Finally, the 
transformation possesses a low order of computational complexity [2]. 

 

2.3 k-Nearest Neighbor Algorithm 

 

k-nearest neighbor algorithm is an instance-based learning method, where training dataset is 

stored, and new samples are classified by comparing them to the most similar records in the 

training set [10]. Measure of similarity is user-defined and it can differ according to the 



application. In this study, Euclidean distance between ART coefficients is used to measure 

similarity. As the decision function, simple unweighted voting is used. In this configuration, k 

nearest neighbors of the new sample are found, and they all vote for their class. The class with 

the maximum number of votes is selected as the class of the new sample. 

 

 
2.4 Multi-layer Perceptrons 

 

Multi-layer perceptrons are capable of solving classification problems using dense networks of 
interconnected neurons. Main advantage of multi-layer perceptrons is that, they are quite 
robust to noise. Even when erroneous samples are present in the dataset, the network can work 
around such noisy data. However, multi-layer perceptrons are quite obscure to human 
interpretation. 

In a typical artificial neuron, inputs are collected from the dataset and combined using a 

combination function. The output of the combination function is input to an activation 

function, which is mostly nonlinear. The activation function produces an output response, 

which is fed to other neurons. The number of neurons in the input layer depends on the number 

of attributes in the dataset. In our case, number of input neurons is equal to the number of ART 

basis functions. Increasing the number of hidden layers and the number of neurons in the 

hidden layer increases the power of the network to classify more patterns. However, this 

increase may also lead to memorizing the training dataset, which is also called as overfitting 

[10]. Hence, one hidden layer is satisfactory in most applications, as in our case. The neurons 

in the output layer correspond to class representations (i.e., how classes are coded). In our 

study, the number of output neurons refers to the number of types of the buried objects that we 

want to classify. 

 

3. Experimental Results 

 
3.1 Test Setup 

 

As previously stated, in this study, our focus is on classifying surrogate mines and other 

objects that are commonly encountered under the ground. In the identification step, we used 3 

decision groups, which is a common classification in the demining society: antipersonnel (AP) 

mines, antitank (AT) mines, and other objects (OTHER). As their names suggest, AP mines 

are designed to injure humans, and AT mines are designed to damage tanks and other armored 

vehicles. Objects in the third group consist of non-explosive objects that are commonly 

encountered under the ground, which are of no practical interest, such as glass bottles and 

stones. During the experiments, 10 different types of objects were buried and 20 B-scans were 

recorded for each object type. Among these 10 object types, 4 of them are AP surrogate mines 

(TS50, PMN, PMD and VS50), 4 of them are AT surrogate mines (VS1.6, TM62M, M7A2 

and M15) and remaining two objects are in OTHER group (glass bottle and stone). 

 
Content and size of surrogate mines match to the characteristics of real mines. Generally, 
mines have cylindrical shapes. The diameters of the AT surrogate mines used in this study vary 
between 20 and 30 cm, and that of AP surrogate mines vary between 7 and 11 cm. The buried 
glass bottle has a height of 180 mm and the diameter of its largest cross section is 40 mm. 
Buried stone is roughly spherical, and its diameter is 80 mm. Conventionally, AT mines are 
buried deeper than AP mines. In our test setup, burial depth of AT surrogate mines was 



approximately 20 cm, and burial depth of AP surrogate mines and other objects was roughly 
10 cm. 

The tests were performed in three different pools with three different soil types. In all cases, 
soil is dry and relative static permittivity values of the soil vary between 2 and 3. Granularity 
of each soil type is different to reflect the true performance of the used methods. Data is 
collected using a robotic system which our radar is fixed to. The robotic system moves with a 
constant speed of 0.2 m/s. The scanning head of the radar is kept at approximately 5 cm above 
the ground during the scanning procedure. 

In both classification methods, we randomly split the B-scan instances into two subgroups; half 

of the instances are utilized as the training set and the remaining ones are used as the test set. 
 

 

3.2 Classification Results 

 

In the implementation of k-nearest neighbor algorithm, the number of nearest neighbors is 

chosen as 3. MLP has 35 input and 3 output neurons, since it takes the ART coefficients as its 

inputs and tries to classify them into 3 classes. We used one hidden layer with sigmoid transfer 

function units and empirically determined the number of hidden neurons as 20. While MLP 

correctly classified 99 instances out of 100, this number reduced to 97 when k-NN is used. The 

detailed classification results are given in Table 1. 

 
Table 1. The results of the classification methods 

 

Object type Object Ninst 
a
 

Ncorr 
b
 

k-NN MLP 

AP TS50 surrogate mine 10 10 10 

AP  PMN surrogate mine 10 10 10 

AP PMD surrogate mine 10 8 10 

AP VS50 surrogate mine 10 10 10 

AT VS1.6 surrogate mine 10 10 9 

AT TM62M surrogate mine 10 10 10 

AT M7A2 surrogate mine 10 10 10 

AT M15 surrogate mine 10 10 10 

OTHER Glass bottle 10 10 10 

OTHER Stone 10 9 10 

TOTAL  100 97 99 

 
a
 Ninst 

 stands for number of instances 
b
 Ncorr

 stands for number of correctly classified instances 

 

4. Conclusion 

 

In this study, we proposed an approach for discrimination of the buried objects. The proposed 

approach utilizes ART for feature extraction and MLP for classification. ART is chosen as it is 

capable of extracting distinct features of different shapes with even little variations. On the 

other hand, it is still robust to noise and minor damages that may occur on the image. The 

resulting features are classified using MLP, which is capable of generating proper 



classification results even in different environments. The results of the MLP are compared to a 

common classification method, k-NN, and it is observed that our approach offers a feasible 

solution towards the discrimination of buried objects. 
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