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ABSTRACT   

A novel feature extraction and buried object identification method for ground penetrating radar data are presented.   

Discriminative features are obtained by modelling the most dynamic peaks of GPR A-scan signals, utilizing principal 

component analysis (PCA). Landmine/clutter discrimination is then achieved using fuzzy k-nearest neighbor algorithm. 

The identification results are presented on a real data set of 700 surrogate landmines and clutter objects, which were 

collected from three different terrains with various soil types and buried object depths. We show that the proposed method 

gives outstanding results over this extensive data set.  

 

Keywords: Buried object classification, ground penetrating radar, principal component analysis, feature extraction, fuzzy 

k-nearest neighbor. 

1. INTRODUCTION  

Ground penetrating radar (GPR) is a powerful sensor used to detect any dielectric discontinuities beneath a surface. Some 

example use cases include locating ancient remnants under the ground, detecting cracks in concrete structures, finding 

pipes under a surface, and localizing buried landmines. In this paper, we are interested in landmine identification problem 

which exhibits interesting challenges, requiring reliable and robust methods. Among these notable challenges, one in 

particular pertains to certain kinds of antipersonnel landmines with very low or no metal content. For such cases, detection 

of any dielectric discontinuity becomes crucial since one cannot rely on detecting the metal content through its magnetic 

properties using a metal detector (MD). As such, several landmine detection systems containing a ground penetrating radar 

sensor were developed [1]–[7]. However, since GPR can detect both metallic and nonmetallic buried objects by sensing 

any dielectric discontinuity under the ground, clutter objects (rocks, buried rubbish etc.) create false alarms, along with the 

objects of interest. This necessitates an efficient buried object classification/identification process after the detection is 

performed. It is estimated that as many as 100 to 1000 clutter objects are detected in an uncontrolled terrain for every real 

landmine detected [8]. To keep the remediation costs to a minimum, these clutter objects should be identified as such and 

discarded. 
 

Given the superiority of GPR over MD for this problem, it is no surprise that there are an abundance of studies on buried 

object classification using GPR. In [9], root-mean-squared (RMS) error and the Pearson’s correlation coefficient between 

both time and frequency domain representation of A-scans are used to discriminate between different targets. In [10], 

frequency domain responses are passed through a matched filter detector using an ideal mine model as the template. Peak 

complex cross-correlation coefficient is then used to distinguish between mines and rocks. Matched filter in time domain 

is used in [11], where normalized correlation, time interval between peaks and amplitude ratios of the peaks in the matched 

filter response are used as the features to identify antipersonnel mines. In [12], edge histogram descriptors are extracted 

from GPR signals, where landmine and clutter signatures are distinguished from each other using a possibilistic k-nearest 

neighbor classifier. Energy density spectra of the GPR signals are investigated in [13], [14], and consistency of the 

landmine spectral characteristics are shown. These characteristics are then used to achieve landmine/clutter discrimination. 

In [15], using the kernel method to map the GPR data to a high dimensional space by a nonlinear transformation to enhance 

discriminability is proposed, where features are extracted using linear discriminant analysis. Time-frequency domain 

features are used for identification in [16]–[19]. Specifically, singular values and vectors of the Wigner-Ville distribution 

of the radar signal are used as the features to represent mine signatures. In [20], convolutional models are derived for the 

response of dielectric and mine-like targets. In this method, buried mine-like targets are characterized using only the A-

scan at the apex of the target response hyperbola.  
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Using template matching on B-scans for identification is proposed in [21], [22]. In [23], another pattern recognition method 

is adopted for buried object classification. Input B-scan is first binarized, and then segmented using seeded region growing 

algorithm. After segmentation, large regions in the image are used as target patterns and classified via a feed forward 

neural network. Meanwhile, if the GPR data is collected in equally spaced intervals in scanning direction at a constant 

distance from ground surface, general purpose methods can also be applied for buried object detection and identification 

[24], [25]. 

Operationally, there are two alternative approaches for identification of buried objects. In the first one, when the detector 

is swept over the ground surface, detection and identification are performed simultaneously in real-time. In the second 

approach, an anomaly under the ground is detected with an appropriate method first (e.g. [26]–[30]). Subsequently, another 

scan is carried out by centering the alarm location. The identification algorithm is executed on the data gathered during the 

second scan. In this study, we use the second approach, and extract features that rely on the scatter of the peak locations 

among subsequent GPR A-scans of detected objects.   

In this study, we refine our previous work [31] which uses a two-step classification approach where GPR-based 

classification is performed after a coarse classification using MD.  Here, we show that a similar classification accuracy can 

be achieved using only GPR with the correct selection of features, reducing the computational complexity. Similar to [31], 

we perform classification by modelling the most variant peaks of GPR A-scan signals. Unlike [31], we obtain the features 

only from the vicinity of the center A-scan (±50 A-scans) to reduce negative effects on classification results especially for 

small targets. It is important to reiterate that this approach assumes the buried object is already detected and centered in 

the second scan which becomes the input to our identification algorithm. We also adopt fuzzy k-NN instead of its traditional 

version, which allows us to generate receiver operating characteristics (ROC) curves of our classification method. To show 

our algorithm’s efficiency, we extended the data set in [31] by adding metallic clutter objects. 

The paper is organized as follows. Section 2 gives a typical buried object detection and identification scenario and explains 

our classification method. Section 3 presents the experimental results on an extensive data set collected using GPR sensor 

from three different terrains with different types of soil and burial depths. The conclusions from this study are summarized 

in Section 4. 

2. METHODOLOGY 

A typical scanning scenario of buried object detection and identification process is shown Figure-1a.  A sample B-scan is 

presented in Figure-1b, which is reconstructed by concatenating the A-scan signals given in Figure-1c.  The problem is to 

classify buried objects as “mine” or “other”, according to the recorded GPR data. The detector used in this study captures 

N=240 data points along the direction the detector is swept, and L=256 data points along the direction into the ground.  

2.1. Feature extraction 

 
Discriminative features are extracted using GPR responses of the buried objects. We show that the scatter of the peaks 

among subsequent A-scans is a discriminant characteristic of the target, which corresponds to the typical hyperbolic target 

signature in a B-scan image. 

Remainder of this section will be explained on the sample B-scan given in Figure-1.b. This B-scan is recorded on a VS50 

surrogate mine buried 10 cm under the ground surface. In Figure-2, the corresponding A-scans are overlaid on top of each 

other with different colors. Antenna coupling, ground reflection and the mine signature are marked on the plot. There are 

also some peaks at higher depth indices, which arise due to the ringing effect in the detector hardware. The feature 

extraction step depends on the variation of the peak locations. The hyperbolic structure in the B-scan implies that the peaks 

corresponding to the target signature will exhibit location variations along y-z plane.  

We assume that the detector height is approximately constant, i.e., the operator sweeps the detector at a constant height 

above the ground surface. This assumption implies that the peak corresponding to ground reflection will not reveal a 

considerable variation along the depth axis. Ringing noise appears as nearly horizontal components in B-scans, which can 

be observed in Figure-1b. This entails that the peaks arising from ringing noise will have negligible variation along the 

depth axis. As a result, the most variant peaks along the depth axis will be the ones corresponding to the target signature. 
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Figure-1. Buried object detection scenario and GPR sensor data 

 

 

  

Figure-2.  A-scans overlaid on top of each other for an example buried object. 
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Locating the peaks: To find the scatter of the peaks, we should first mark the peak locations of A-scan data. For this 

purpose, we adopt the simplest available approach. For an A-scan, if a point has a larger amplitude than its immediate 
spatial neighbors, the point is said to be a peak point. 

Grouping the peaks: Peaks on each subsequent A-scan need to be grouped to find the scatter of each peak. For this 

purpose, spatial proximity to the peaks in the former A-scans within a window is considered, and the peaks that are close 

to each other among subsequent A-scans are said to be in the same group.  

The size of this window is important; it cannot be made too small as some peaks might disappear in certain A-scans due 

to noise. It cannot be made arbitrarily large either, as different peaks may overlap in the presence and absence of a buried 

object. Moreover, some peaks may disappear in certain A-scans when the amplitude of the signal at neighboring depth 

indices are equal. Figure-3 demonstrates this missing peak phenomenon in consecutive A-scans. In this figure, peaks that 

could be located are marked with dots, and the missing peak is marked with a circle. Evidently, the number of missing 

peaks also depends on how the peaks are located.  

 
a) Sample A scan signal with 10 peaks. 

 

 
b) Next A-scan signal of the signal given in the above figure, with 9 peaks (1 peak is lost). 

 

Figure-3. Explanation of missing peak phenomenon 

 

In this study, since we chose a very low-cost technique to locate the peaks, a post-processing step is required to fix the 

resulting imperfections, namely missing and overlapping peaks. After all A-scans in the B-scan are processed, we merge 

the peak groups whose mean depth indices are too close to each other. This is especially useful for anti-tank mines, where 

the peak corresponding to the strong hyperbolic structure dominates the other peaks as the detector is swept over the mine.  

In Figure-4, result of peak grouping is demonstrated for the sample B-scan, where each distinct peak group is shown with 

a different color.  

Finding the discriminatory peak: We observed that a target signature may affect one or two peaks depending on the size 

and the burial depth of the object. However, as the feature vector must have the same number of elements for each buried 

object, scatter of a single peak group is used to characterize the object. This peak group is selected as the one which has 

the greatest variance along the depth axis (with the highest energy), which we empirically show to be enough to 

characterize buried objects. 
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Extracting relevant information from the peak scatter: As discussed before, we propose that the scatter of the most 

variant peak is an identifying characteristic of the buried object. To extract relevant information from the peak scatter, 

principal component analysis (PCA) is used.  

PCA finds the most meaningful basis to re-express a data set, which will reveal the hidden structure of the process. For a 

given data set X, which is an K x Np matrix, PCA finds an orthonormal matrix P such that Y = PX is satisfied, where the 

covariance matrix of Y is a diagonal matrix. The rows of P are called the principal components of X. It turns out that, 

principal components of X are the eigenvectors of the covariance matrix of X. In our problem, X consists of the 2-

dimensional peak coordinates (amplitude and depth indices) of the most variant peak among consecutive A-scans. Hence, 

X is a 2xNp matrix, where Np is the number of A-scans in which the relevant peak could be extracted. P is a 2x2 matrix, 

rows of which are the principal directions of the peak scatter.  

 

Figure-4.  Scattering of grouped peaks among subsequent A-scans 

In Figure-5, scatter of the most variant peak of the given B-scan is presented along with the principal directions of the 

scatter. 

 

Figure-5. PCA analysis of the scatter of most variant peak, with center and principal directions of the scatter marked 
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Features: After performing PCA, the feature vectors describing the B-scan are formed using the following features: 

Features 1-2: Vertical and horizontal coordinates of the mean point of the scatter 

Features 3-4: Magnitudes of the principal components 

Features 5-6: Variances of the peak in both vertical and horizontal directions 

Due to the nature of PCA, the resulting principal components are orthogonal to each other. Hence, direction of the second 

principal component is not utilized in the feature vector, as it will not contribute to the amount of information known about 

the buried object. 

PCA also has some ambiguities that might mask the true representation of a buried object. Firstly, the signs of the principal 

components are arbitrary. To solve this problem, principal components in the third and fourth quadrants of the 2D Cartesian 

coordinate system, origin of which is the mean point of the scatter, are reflected to first and second quadrants, respectively. 

Secondly, PCA is sensitive to the scaling of the variables. If the change of variables are not on a similar order, one of the 

variables might dominate the resulting principal components. To this end, we scaled the amplitudes of all A-scans to a 

suitable interval prior to any analysis. This scaling operation is important, but the exact scaling value is not critical. We 

observed that an amplitude interval that is comparable to the average variance of the peak scatter along the depth index 

works successfully for each type of buried object. 

2.2. Classification 

In order to classify a given B-scan as “mine” or “other”, fuzzy k-nearest neighbor (k-NN) method is used [12]. Fuzzy k-

NN extends traditional k-NN by quantifying the class membership of each data point in the training set in [0, 1], as opposed 

to k-NN where membership values are in {0, 1}. Fuzzy k-NN membership coefficients are first assigned for each data 

point in the training set y using   

 

 µ̃𝑖(𝑦) = {
0.51 + (

𝑛𝑖

𝑘
) × 0.49     𝑖𝑓  𝑖 = 𝑗 

(
𝑛𝑖

𝑘
) ×  0.49                   𝑖𝑓 𝑖 ≠ 𝑗 

} 

 

(1) 

   

where i represents the class label (e.g. mine:1, other: 2), ni denotes the number of neighbors that belong to class i, and j is 

the actual class label of the sample y. This fuzzy scheme causes data points close to the center of their classes to keep the 

original crisp memberships in {0, 1}, but the membership of the data points that lie close to the boundaries will be spread 

between the neighbors’ classes. We use the traditional Euclidean distance among the feature vectors when defining the 

nearest neighbors of a data point. 

Once a query point x is presented, its Euclidean distance to its neighbors and the membership coefficients of its k neighbors 

are combined to determine its label. Mathematically, the membership score of x to class i can be represented as  

 

µ𝑖(𝑥) = ∑ µ̃𝑖(𝑦𝑚) × 𝑤(𝑥, 𝑦𝑚)

k

𝑚=1

 

 

 

(2) 

 

where 𝑦𝑚 is the mth neighbor of x, and 𝑤(𝑥, 𝑦𝑚) is given by 

 

 

 
𝑤(𝑥, 𝑦𝑚) =

(1 ǁ𝑥 − 𝑦𝑚ǁ2⁄ )

∑ (1 ǁ𝑥 − 𝑦𝑠ǁ2⁄ )k
𝑠=1 

. 

 

 
(3) 

 

For a given test signature ST, we compute its distance to all prototypes in the training data set, then we sort these 

distances and identify  k-NNs ST
1, …,ST

k. The confidence value in the mine class is computed using 

 

 

𝐶𝑜𝑛𝑓𝑀(𝑆𝑇) =
1

𝑘
∑ µ̃𝑀(𝑃𝑚) 𝑤(𝑆𝑇 , 𝑃𝑚)

𝑘

𝑚=1

 

 

 

(4) 
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Similarly, the confidence value in the clutter class is computed using 

 

 
𝐶𝑜𝑛𝑓𝐶(𝑆𝑇) =

1

𝑘
∑ µ̃𝐶(𝑃𝑚) 𝑤(𝑆𝑇 , 𝑃𝑚)

𝑘

𝑚=1

 
 

(5) 

 
In (4) and (5),  µ̃𝑀(𝑃𝑚) and  µ̃𝐶(𝑃𝑚)  are the fuzzy memberships of prototype Pm in the mines and clutter classes, 

respectively, given in (6) and (7), w (ST ,Pm ) is the weights defined by means of  (3). 

 

 
µ̃𝑀(𝑃𝑖) =

1

ǁ𝐶𝑖ǁ
∑ µ̃𝑀(𝑦)

𝑦Є𝐶𝑖

 
 
(6) 

 

 

 
µ̃𝐶(𝑃𝑖) =

1

ǁ𝐶𝑖ǁ
∑ µ̃𝐶(𝑦)

𝑦Є𝐶𝑖

 

 

 
(7) 

 

Since µ̃𝑀 , µ̃𝐶  , and w ∈ [0, 1], (4) and (5) generate confidence values in the range [0, 1]. The overall confidence of test 

signature ST is computed using (8) 

 

 𝐶𝑜𝑛𝑓(𝑆𝑇) = √𝐶𝑜𝑛𝑓𝑀(𝑆𝑇). (1 − 𝐶𝑜𝑛𝑓𝐶(𝑆𝑇)) (8) 

 

3. EXPERIMENTAL RESULTS 

 
In this section, classification results of the proposed method are presented. The tests are performed at three different 

controlled terrains with different soil types and depths. The list of buried objects is given in Table-1. 

The content and size of surrogate mines follow the characteristics of the corresponding real mines as closely as possible. 

As these values follow the standards, they will not be given here. We only give size information of clutter objects. The 

glass bottle has a height of 18 cm and the radius of its largest cross section is 4 cm. Buried rock’s longest edge is 8 cm. 

Length of the iron nail is 6 cm. Buried soft drink can is a crushed cylindrical coke can, diameter of which is 6.5 cm and 

height of which is roughly 2 cm. MD-X represents a metallic clutter disk with a diameter of X cm. The oil bin is a metallic 

rectangular prism shaped object having a size of 12x20x3 cm.  

The size of the window within which peaks are searched and grouped is taken to be 10 A-scans. As described in the 

previous section, 6 features were extracted from each object’s GPR response. After feature vectors are formed, 

classification is performed using fuzzy k-NN, where k is taken to be 3. In order to assess the effect of training data size on 

identification accuracy, we experimented with four different train-test splits (20-80%, 40-60%, 60-40% and 80-20%). ROC 

curves of mine detection results for each train-test split are given in Figure-6. When 60% of the data is used for training, 

our method was able to achieve a 97.9% mine detection ratio with 7% false alarm for a total of 700 B-scans. Since false 

alarms are detrimental for this problem, one would like to reach as high as possible mine detection ratio at the lowest false 

alarm rate. Figure-6 shows that using 80% of the data for training, our method can successfully identify all the landmines 

in the test data set with a false alarm rate of 6.4%.  

4. CONCLUSION 

In this study, we refined our prior work where buried objects were identified using a combination of MD and GPR 

responses [31]. We showed that using GPR signals only with carefully crafted features suffices to successfully distinguish 

between landmine and clutter signatures. An important observation we made was that using the A-scans only at the vicinity 

of the buried object’s peak response location helps improve the classification of small targets, since the spread of their 

signatures in B-scans is narrow. We thus used 100 A-scans around the center of the buried object, and extracted 

discriminatory features by modelling the scatter of the most variant peak across A-scans. To show our algorithm’s 

efficiency, we extended the data set in [31] by adding metallic clutter objects. Using fuzzy k-NN, we generated ROC 

curves to demonstrate the accuracy of our approach, which shows our method can achieve a 97.9% mine identification rate 
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with a false alarm rate of 7%, for 60% training data percentage. This is a remarkable result for a total of 700 B-scans 

recorded over three different types of soil, 17 different types of buried objects, and various burial depths.  

The proposed identification method has also several advantages. Firstly, it does not require background subtraction unlike 

most of the methods in the literature. Secondly, raw data is not transformed into another domain, hence computational load 

of the method is very low, allowing it to be used in real-time applications. Moreover, the method does not rely on a signal 

model which may change depending on the system hardware, ground characteristics and buried object types. This allows 

the method to be used in conjunction with different hardware setups to scan different types of ground. 

Table-1. Data set used in the experiments 

Metallic content Object name Number of signatures 

Nonmetallic  

Glass bottle (Nonmetallic clutter) 60 

DM11AT (Surrogate mine) 40 

Rock (Nonmetallic clutter) 60 

VS1.6 (Surrogate mine) 20 

 Number of nonmetallic signatures 180 

Low metallic  

Iron nail (Metallic clutter) 40 

PMN (Surrogate mine) 20 

VS50 (Surrogate mine) 20 

 Number of low metallic signatures 80 

High metallic  

Soft drink can (Metallic clutter) 20 

M15 (Surrogate mine) 20 

M6A2 (Surrogate mine) 60 

M7A2 (Surrogate mine) 40 

TM62M (Surrogate mine) 20 

MD-5 (Metallic clutter) 40 

MD-10 (Metallic clutter) 60 

MD-15 (Metallic clutter) 60 

MD-20 (Metallic clutter) 60 

Oil bin (Metallic clutter) 60 

 Number of high metallic signatures 440 

  NUMBER OF TOTAL SIGNATURES 700   

 

Figure-6. ROC curves of the proposed method for various train-test splits 
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