
ROTATION AND SCALE INVARIANT TEMPLATE MATCHING APPLIED TO BURIED
OBJECT DISCRIMINATION IN GPR DATA

Ahmet Burak Yoldemir, Mehmet Sezgin
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ABSTRACT

In this study, a template matching approach to buried object

discrimination problem is proposed over ground penetrating

radar (GPR) B-scan images. The technique is scale invariant,

which compensates for the change in the swinging speed of

the detector. It is also rotation invariant to some extent, which

reduces the number of templates to be used by compensat-

ing for the change in the scanning direction. The algorithm is

tested on real GPR data and results are observed to be promis-

ing.

Index Terms— Ground penetrating radar, buried object

discrimination, template matching, Gaussian pyramid

1. INTRODUCTION

In recent years, Ground Penetrating Radar (GPR) is proven

to be one of the most effective techniques in surveying under-

ground structures. Being a nondestructive inspection method,

GPR has been used in many areas like detection and clas-

sification of buried landmines, archaeological investigations

and forensic applications [1]. The principle of GPR is detect-

ing dielectric discontinuities under the surveyed area. These

discontinuities may originate from different layers of soil,

buried objects or clutter. Besides detecting these disconti-

nuities, GPR can also be used to understand the causes of

them. In this sense, GPR can be used to discriminate between

different types of buried objects.

GPR signals can be represented in several ways. At each

point of inspection, a 1D back-scattered GPR response is ob-

tained, where amplitude levels give the amount of attenuation

at each depth index. This 1D response is called an A-scan.

Juxtaposing A-scans gathered at several positions results in a

2D GPR response, which is called a B-scan. These B-scans

can be further juxtaposed to give a 3D GPR response of an

area, which is named as a C-scan. In this study, which is an

improved version of [2], we focus on the discrimination of

buried objects using GPR B-scans.

Buried objects are observed in the form of hyperbolic

structures in B-scans. Parameters of these hyperbolas, which

are horizontal and vertical apex positions and the slope of the

hyperbola asymptotes, vary according to the buried object

type. To discriminate between these hyperbolic shapes, an

efficient template matching method is proposed in this study.

The method is scale and rotation invariant, which compen-

sates for the changes in the swinging speed of the detector

and the changes in the scanning direction.

As template matching approach is inherently costly, sev-

eral studies were carried out to reduce the processing time.

For this purpose, a fast template matching method is pre-

sented in [3], which relies on integral images. In [4], com-

putational cost of template matching is reduced via Haar-like

box features. In [5], another similarity measure is defined us-

ing binary logical operators. There exist several studies work-

ing in the frequency domain to accelerate the process (e.g.,

[6]).

Our method performs template matching on binarized im-

ages to speed up the algorithm. After binarizing the images,

an efficient similarity measure approximating correlation for

binary images is exploited. To provide scale invariance, a

modified version of Gaussian pyramid is used. The templates

are allowed to rotate to some extent to provide rotation invari-

ance. The problem specifications limit the maximum rotation

deviation to a great extent, hence this rotation invariance does

not introduce a heavy burden to our system.

The rest of this paper is organized as follows. Section

2 explains the proposed classification approach. Section 3

gives the results of applying this technique to a dataset, which

is collected using a GPR sensor developed at The Scientific

and Technological Research Council of Turkey (TÜBİTAK

MAM/UEKAE). Conclusions are given in Section 4.

2. METHODOLOGY

2.1. Preprocessing

Prior to applying template matching, we use background sub-

traction which reveals the signatures of the buried object more

clearly. If it is guaranteed that the starting location does not

contain any target signature, a predefined number of A-scan

signals can be averaged and subtracted from each following

A-scan, which will reveal target signature [1]. Specifically,

10 A-scans are used in this study to estimate the background

signal.
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After background subtraction, antenna coupling and

ground bounce are removed from the B-scan image. These

two factors cause the amplitudes of the signals back-scattered

from ground level to be very high. These high amplitudes will

affect the binarization process and thresholding artifacts will

occur. Hence, first 40 samples of each A-scan are equated to

middle gray level. This can be viewed as a special form of

time-gating [7]. Number of samples is chosen so that most

of the contribution from the ground will be canceled. The

physical distance corresponding to this region is about 5 cm.

It should be noted that, this distance changes according to the

properties of the ground.

2.2. Binarization

Thresholding is a well researched topic and there exist sev-

eral thresholding algorithms, a survey of which can be found

in [8]. The thresholding method should be chosen carefully

according to problem specifications. Upon implementation of

several thresholding algorithms given in [8], we decided that

Kittler and Illingworth’s minimum error thresholding is con-

venient for our purposes.

Kittler and Illingworth’s method considers thresholding as

a classification problem, and finds the minimum error thresh-

old using the results of statistical decision theory [9]. The

idea of this method is splitting the histogram of the input im-

age into two parts, modeling the gray level distributions of

the object and the background with normal distributions, and

checking how this representation fits to the actual histogram

[10].

Suppose the gray level histogram of the image is thresh-

olded at a level t. Let the two resulting pixel populations have

parameters μi(t) and σi(t), with a priori probabilities Pi(t),
where i = {0, 1}. The minimum error criterion function is

given by

J(t) = 1 + 2 [Po(t) ln σ0(t) + P1(t) lnσ1(t)] (1)

−2 [Po(t) lnP0(t) + P1(t) lnP1(t)] .

The value t∗ minimizing this J(t) is given as the mini-

mum error threshold [10].

2.3. Template matching

After binarizing the input image, we need an efficient correla-

tion measure. For this purpose, we use the method appeared

in [5], which is an effective similarity feature approximating

correlation for binary images:

s(A,B) =
∑

A ∧ B

1 +
∑

A ⊕ B
(2)

where A and B are input images to be compared, s(A,B)
is the measure of similarity between input images, ∧ is the

logical AND operation and ⊕ is the logical XOR operation.

The summations just give the number of pixels of value 1 in

the resulting binary image. As is intuitive, a large value of

s(A,B) might indicate the presence of a buried object at the

inspected region.

The swinging speed of the detector head causes the tar-

get signatures to differ. If the detector is moved slowly, re-

sponse from the target can be observed in a large number of

A-scans, whereas if the detector is moving fast, the target re-

sponse quickly vanishes. Moving the detector faster can be

thought as removing some of the columns from the B-scan

images. This causes the B-scan to shrink in the horizontal

direction. Moving the detector faster, on the other hand, is

analogous to stretching the B-scan in the horizontal direction.

In Fig. 1, two B-scans of the same object (which is an M7A2

surrogate antitank mine), which are taken at different detector

speeds are provided. Specifically, while gathering the B-scan

to the left, the detector speed was twice as fast as the detector

speed while the B-scan to the right is taken.

(a) Fast detector speed (b) Slow detector speed

Fig. 1. Two B-scans taken at different scanning speeds.

To compensate for this change, the system must be scale

invariant. Specifically for our problem, this scale invariance

is needed in the horizontal direction only. For this purpose,

there are two options. Copies of the target pattern can be con-

structed at different scales, and similarity of each with the

query image can be calculated. Alternatively, a target pattern

of fixed size can be compared with several copies of the im-

age represented at correspondingly reduced resolutions. As

shown in [11], second approach is much more efficient. This

second technique, so-called the Gaussian pyramid, consists of

low-pass filtering and subsampling the image at each level to

obtain the next pyramid level. Low-pass filtering is used to

eliminate the potential aliasing effects. For subsampling the

images, cubic spline interpolation is selected in this study. As

mentioned before, in our problem, scale invariance in hori-

zontal direction is sufficient. Hence, at each step, only the

resolution in the horizontal direction is reduced. We call this

method as the modified Gaussian pyramid. Using modified

Gaussian pyramid allows us to minimize the effect of changes

in the swinging speed of the detector in an efficient manner.

The swinging direction of the detector also affects the tar-

get signature. Two examples clarifying this phenomenon are

given in Fig. 2.
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(a) First B-scan (b) Second B-scan

Fig. 2. Two B-scans taken at different scanning directions.

To be able to identify targets scanned in different direc-

tions, one needs to create different templates for different

scanning directions. In [2], this was done using 4 templates.

In this study, we propose using 2 templates, which are for hor-

izontal and vertical scans, where the templates are allowed to

rotate. This rotation accounts for many different directions,

using a smaller number of templates. Nature of the problem

limits the maximum rotation deviation, hence this rotation in-

variance does not introduce a heavy burden to our system.

In our implementation, maximum possible rotation is ±4 de-

grees for each template.

3. EXPERIMENTAL RESULTS

In this section, experimental results of applying the proposed

algorithm to a dataset, which is collected using a GPR sen-

sor developed at The Scientific and Technological Research

Council of Turkey (TÜBİTAK), are given. Discrimination is

carried out between two classes of objects (M7A2 surrogate

mines and oil cans). Objects in both classes are metallic, and

they have prism-like shapes. Their sizes are approximately

12x20x5 cm and 12x20x3 cm. The data were collected using

a robotic arm, speed of which is constant. Information on the

number of B-scans gathered and the detector speeds are given

in Table 1.

Table 1. Data set used in the experiments

Number of B-scans Object class Detector speed

40 1 0.2 m/s

40 1 0.4 m/s

40 2 0.2 m/s

40 2 0.4 m/s

Object class 1 corresponds to M7A2 surrogate mines and

object class 2 corresponds to oil cans in this table. As ex-

plained in the previous section, two templates are created for

each object, which correspond to vertical and horizontal scan-

ning directions. Templates of M7A2 surrogate mine are given

in Fig. 3 as an example.

(a) First template (b) Second template

Fig. 3. Two templates of M7A2 surrogate mine.

The template images have size 51x51 pixels and B-scan

images have size 256x240 pixels. Each input image is cor-

related with these original templates, their mirrored versions

and rotated versions (with steps of 2 degrees). As previously

stated, maximum allowed rotation is ±4 degrees.

In our experiments, number of levels in the modified

Gaussian pyramid was only 2. However, this is only for

a representation of modified Gaussian pyramid’s ability to

compensate for the changes in the swinging speed of the

detector. At an uncontrolled terrain, number of levels of the

pyramid should be increased.

Although the data used in this study is collected on a real

terrain, it is further contaminated by impulsive noise to re-

veal the performance of our method in severe conditions. Im-

pulsive noise is observed as salt and pepper noise in thresh-

olded B-scan images. Hence, to model the impulsive noise,

salt and pepper noise with different noise densities is added

to the thresholded images before the discrimination process.

In Fig. 4, a thresholded M7A2 surrogate mine response, and

its artificially contaminated versions are given.

(a) Original (b) dnoise=0.1

(c) dnoise=0.2 (d) dnoise=0.3

(e) dnoise=0.4 (f) dnoise=0.5

Fig. 4. Example of artificial B-scan contamination.

3368



In Fig. 4, dnoise represents the noise density, which is

percentage of contaminated pixels in the image. Although the

last few cases are very improbable in real-time applications,

they are included to see the performance of the algorithm in

most severe conditions.

Among the created templates, class of the template that

gives the maximum correlation value is recorded as the esti-

mated object class. Under this configuration, Table 2 summa-

rizes the discrimination performance of the proposed method

for different noise levels.

Table 2. Discrimination performance of the proposed method

Noise density Discrimination performance

0 100%

0.1 100%

0.2 100%

0.3 100%

0.4 91.8%

0.5 75%

As seen from Table 2, 100% discrimination performance

is obtained even when artificial salt and pepper noise of den-

sity 0.3 is added to the image. This shows that the proposed

algorithm is extremely robust against salt and pepper noise.

These results are obtained using a total of 160 B-scans, as

given in Table 1. From the discrimination performances, we

can conclude that the approximations that are used to reduce

the processing time of classical template matching do not ig-

nore critical information inherent in the input images.

4. CONCLUSION

This paper proposed a scale and rotation invariant template

matching approach to buried object discrimination using

GPR. Scale invariance is provided using a modified form of

Gaussian pyramid. The templates are allowed to rotate to

some extent to provide rotation invariance. To reduce the

burden of template matching, this operation is performed on

binarized images, where binarization is carried out via Kittler

and Illingworth’s minimum error thresholding method. To

achieve even higher efficiency, correlation function is approx-

imated with a lightweight formula. The proposed algorithm

is tested on a real terrain, and to observe the performance in

the worst case scenario, images are artificially contaminated

to a severe extent. Results are found to be very promising,

even when the noise level is considerably high.
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