
Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=gnte20

Nondestructive Testing and Evaluation

ISSN: 1058-9759 (Print) 1477-2671 (Online) Journal homepage: https://www.tandfonline.com/loi/gnte20

Peak scatter-based buried object identification
using GPR-EMI dual sensor system

Burak Yoldemir & Mehmet Sezgin

To cite this article: Burak Yoldemir & Mehmet Sezgin (2019): Peak scatter-based buried object
identification using GPR-EMI dual sensor system, Nondestructive Testing and Evaluation, DOI:
10.1080/10589759.2019.1623213

To link to this article:  https://doi.org/10.1080/10589759.2019.1623213

Published online: 31 May 2019.

Submit your article to this journal 

Article views: 22

View Crossmark data

https://www.tandfonline.com/action/journalInformation?journalCode=gnte20
https://www.tandfonline.com/loi/gnte20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10589759.2019.1623213
https://doi.org/10.1080/10589759.2019.1623213
https://www.tandfonline.com/action/authorSubmission?journalCode=gnte20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=gnte20&show=instructions
http://crossmark.crossref.org/dialog/?doi=10.1080/10589759.2019.1623213&domain=pdf&date_stamp=2019-05-31
http://crossmark.crossref.org/dialog/?doi=10.1080/10589759.2019.1623213&domain=pdf&date_stamp=2019-05-31


Peak scatter-based buried object identification using GPR-
EMI dual sensor system
Burak Yoldemira and Mehmet Sezgin a
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Information Security Research Center, Gebze, Turkey

ABSTRACT
Buriedobject identification is an integral part of thehumanitariandemin-
ing process which enables discarding clutter objects, thereby reducing
the overall cost of landmine localisation drastically. In this study, we
present a novel buried object identification method for a ground pene-
trating radar (GPR) and electromagnetic induction sensor (EMI)-based
dual sensor hand-held system developed at TUBITAK BILGEM. The pro-
posed approach relies on grouping the buried objects into three groups
according to their metal content using their EMI responses. Features are
extracted from GPR responses of the objects and landmine/clutter dis-
crimination is achieved within each object group using k-nearest neigh-
bour algorithm. The identification results are presented on an extensive
real data set of mine simulants and clutter objects, which is collected
from three different terrains with different types of soil and different
burial depths. We show that the proposed method outperforms
a popular method based on edge histogram descriptors.
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1. Introduction

The primary sensor to locate landmines has historically been the electromagnetic
induction sensor (EMI), which is also termed as metal detector (MD). If the buried
object contains significant metal content, MD will be able to locate it. Being aware of
this fact, landmine manufacturers have developed plastic cased landmines with as little
as 0.5 g of metal content. These landmines, which are also called as minimum metal
landmines, cannot be found using conventional MDs, easily. To achieve a high prob-
ability of detection along with a low probability of false alarm, additional sensors are
needed. In some recent studies, MD has been successfully combined with ground
penetrating radar (GPR) to solve this problem [1–7]. GPR can sense both metallic
and non-metallic buried objects by sensing any dielectric discontinuity under the
ground. However, clutter (rocks, buried rubbish, etc.) under the ground significantly
increases the false alarm rate. In an uncontrolled terrain with buried landmines, it is
estimated that as many as 100 to 1000 clutter objects are detected for every real
landmine detected [8]. This problem inevitably leads us to buried object identification,
as remediation costs will be extremely high if these clutter objects are not discarded.

CONTACT Mehmet Sezgin mehsez65@gmail.com
This article has been republished with minor changes. These changes do not impact the academic content of the article.

NONDESTRUCTIVE TESTING AND EVALUATION
https://doi.org/10.1080/10589759.2019.1623213

© 2019 Informa UK Limited, trading as Taylor & Francis Group

http://orcid.org/0000-0002-7921-564X
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/10589759.2019.1623213&domain=pdf&date_stamp=2019-07-08


Although MD is primarily intended to be used for the detection of metal targets, it can
also be used to solve the identification problem. In [9], the time domain MD response is
modelled as a weighted sum of decaying exponentials and decay rates are used as the
discriminatory information to characterise the buried targets. In [10], heuristic features
extracted from time domain MD signals are used for classification. Spectral characteristics
of the MD response for buried object identification are also investigated in [11,12].

Due to the superiority of GPR over MD, there are an abundance of studies in the
literature on buried object classification using GPR. In [13], root-mean-squared (RMS)
error and the Pearson’s correlation coefficient between time domain representation of
A-scans, and RMS error between frequency domain representations of A-scans are used to
discriminate between different targets. In [14], 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 [15], where normalised 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 [16], edge histogram descriptors are extracted
from GPR signals. Using a possibilistic k-nearest neighbour classifier, landmine and clutter
signatures are distinguished from each other. Energy density spectra of the GPR signals are
investigated in [17,18], and consistency of the landmine spectral characteristics is shown.
These characteristics are then used to achieve landmine/clutter discrimination. In [19],
using the kernel method to map the GPR data to a high dimensional space by a non-linear
transformation to enhance discriminability is proposed. Features are extracted using linear
discriminant analysis to identify buried objects. Time-frequency domain features are used
for identification in [20–23]. Specifically, singular values and vectors of the Wigner-Ville
distribution of the radar signal are used as the features to represent mine signatures.

In [24], convolutional models are derived for the response of dielectric and mine-like
targets. In this method, buried mine-like targets are characterised using only the A-scan at
the apex of the target response hyperbola. Using template matching on B-scans for
identification is proposed in [25,26]. In [27], another pattern recognition method is
adopted for buried object classification. Input B-scan is first binarised, and then segmented
using seeded region growing algorithm. After segmentation, large regions in the image are
used as target patterns and classified via feed-forward neural network. In addition, if the
GPR data is collected with equally spaced intervals in the scanning direction at a constant
distance from the ground surface, general purpose methods can also be used for buried
object detection [28,29] and identification. Such approaches may benefit from feature
extraction methods as a preprocessing step, a comparison of which is presented in [30].

Operationally, there are two alternative approaches to the 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 determined with an appropriate method first (e.g. [31–34]).
Subsequently, centring the alarm location carries out another scan. The identification
algorithm is executed on the data gathered during the second scan. In this study,
the second approach is adopted.

This paper presents a novel way to combine MD and GPR sensor readings to reliably
identify buried objects. MD response is used as a preprocessing tool, and the objects are
divided into three groups according to their MD signal strengths (metallic density):
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high metallic, low metallic and non-metallic targets. Then, novel features are extracted
from the objects’ GPR responses. Specifically, these features rely on the scatter of the
peak locations among subsequent A-scans. Preliminary grouping allows us to reduce
the number of possible object types. The final classifier achieves landmine/clutter
discrimination by comparing the objects’ GPR features only with those extracted
from objects with similar metal content.

It is important to emphasise that our focus here is not to develop the sensor system
itself which is presented in [4]. Instead, we focus on developing a reliable buried object
identification algorithm using the sensor readings of this dual sensor hand-held device.
Also, note that Sato et al. also developed a dual sensor system named ALIS [2], and the
algorithm presented in this study should be applicable to such systems as long as GPR
and MD readings are both available.

The paper is organised as follows. Section II gives the methodology, and describes
the novel GPR features that are previously mentioned. Section III presents the experi-
mental results on an extensive data set collected from three different terrains with
different types of soil and burial depths using the dual sensor landmine detector
developed in [4]. The conclusions from this study are summarised in Section IV.

2. Methodology

A representation of buried object identification scenario and sample sensor data are
given in Figure 1. The coordinate system and buried object position are also shown in
Figure 1(a). A sample B-scan image is given in Figure 1(b) which is reconstructed by
horizontal concatenation of A-scan signals given in Figure 1(c). In this figure, a0(z)
represents the A-scan data acquired at position y = 0 and so on, where z is the depth
index. Metallic density function of the object is also provided in Figure 1(d). Figure 1(b)
and (d) are samples from real data recorded on a buried VS50 mine simulant.

ay(z): A-scan data (column vector) acquired at position y.
B(y,z): Reconstructed GPR B-scan data (matrix) by concatenating sequential A-scans
L: Length of A-scan signal
N: Number of A-scan signals in B-scan data
In this study, we use N = 240 A-scans to construct B-scan data. Each A-scan data

contains L = 256 samples. We assume that detection step is appropriately handled and
only the identification problem will be solved. The sensor data for the detected objects
are first divided into three groups according to their metal density function, using MD.
Within each group, features are extracted from GPR responses, and landmine/clutter
discrimination is achieved using a k-NN classifier.

2.1. Initial grouping

MD transmits an electromagnetic field that induces eddy currents in metallic object
surfaces that are in the penetration range of the sensor. When the transmitted electro-
magnetic field is abruptly turned off, eddy currents inside the targets produce a secondary
magnetic field that is measured by the sensor. The strength of themeasured signal primarily
depends on the depth and the metallic content of the target. Based on the strength of the
metallic density function, we pre-classify the objects into three classes using two thresholds
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TL and TH. Denoting the maximum value of metallic density function for a specific target
asMmax, the target is classified as highmetallic ifMmax>TH, lowmetallic if TL<Mmax<TH, or
non-metallic if Mmax<TL. For example, the target corresponding to the sample EMI
response in Figure 1(d) would be labelled as a highmetallic object. Conventionally, antitank
(AT) mines are buried deeper than antipersonnel (AP) mines. Keeping this in mind, we set
the thresholds such that burial depth of AT mines is assumed to be around 20–30 cm, and
that of AP mines is assumed to be around 5–10 cm. It is important to note that these
thresholds need to be set based on the application and the output range of the sensor.
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Figure 1. Buried object identification scenario and sensor data. (a) Coordinate system and buried
target representation. (b) Sample B-scan image – B(y,z) (A-scan signal intensities are inserted in each
column of B-scan image). (c) Sample A-scan signals which are collected along the scanning direction
y. (d) Metallic density channel of metal detector for a sample high metallic target.
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2.2. Feature extraction

Features are extracted using GPR responses of the buried objects. Using these
features, classification is performed within each group. We propose that the scatter
of the peaks among subsequent A-scans is a discriminant characteristic of the
target. Remainder of this section will be explained on the sample B-scan given in
Figure 1(b). This B-scan is recorded from a high metallic object buried at 10 cm
under the ground surface.

In Figure 2, A-scans corresponding to the B-scan in Figure 1(b) are overlaid on top
of each other with different colours. Antenna coupling, ground reflection and mine
signature are marked on the plot. There are also some peaks deeper into the ground
(higher depth indices), which arise due to the ringing effect in the detector hardware.
The feature extraction step depends on the variations of the peak locations along the
depth axis z.

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
roughly 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 1(b). This entails that the peaks arising
from ringing noise will have negligible variation along the depth axis. Shortly, the
most variant peaks along the depth axis will be the ones corresponding to the target
signature.

2.2.1 Locating the peaks
In the first step, a moving-average filter with length of 5 is applied to each A-scan signal
to prevent undesired peaks caused by noise. To find the scatter of the peaks, we should

Figure 2. A-scans overlaid on top of each other for sample GPR data.

NONDESTRUCTIVE TESTING AND EVALUATION 5



first mark the peak locations. For this purpose, we adopt a light-weight approach for
computational efficiency. For a given A-scan, if a point has a larger amplitude than its
immediate spatial neighbours, the point is said to be a peak point.

2.2.2. Grouping the peaks
Peaks on each subsequent A-scan should 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. Figure 3 demonstrates the 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. In
this study, we chose to locate peaks with a low-cost technique and solved the resulting
imperfections afterwards. To compensate for missing and overlapping peaks, the peak
groups whose mean depth indices are too close to each other aremerged after all A-scans in
the B-scan are processed. This is especially useful for AT mines, where the peak corre-
sponding to the strong hyperbolic structure dominates the other peaks as the detector is
swept over the mine. In Figure 4, the result of peak grouping is demonstrated for the given
sample B-scan data, where each distinct peak group is shown with a different colour.

a)

b)

Figure 3. Explanation of missing peak phenomenon. (a) Sample A scan signal with 10 peaks. (b) Next
A-scan signal following the one above, where one of the peaks is lost.
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2.2.3. Finding the discriminatory peak
It is 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.

2.2.4. 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 that has the same dimensionality across B-scans to facilitate compar-
isons, principal component analysis (PCA) is used. PCA [35] finds the most meaningful
basis to re-express a data set, which will reveal the hidden structure of the process.

For a given data setX, which is a K ×Nmatrix, 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 ofX. It turns out that, principal components ofX are
the eigenvectors of the covariance matrix of X. In our problem, X consists of the two-
dimensional (K = 2) peak coordinates (amplitude and depth indices) of the most variant
peak among consecutive A-scans. Hence, X is a 2xN matrix, where N is the number of
A-scans in which the relevant peak could be extracted. P is a 2 × 2matrix, rows of which are
the principal directions of the peak scatter. In Figure 5, scatter of the most variant peak of
the given sample B-scan is presented along with the principal directions of the scatter.

After PCA analysis of peak scatters, the feature vectors describing the ith B-scan are
formed using the following features:

fi,1 : Vertical coordinate of the mean point of the scatter
fi,2 : Horizontal coordinate of the mean point of the scatter
fi,3 : Vertical coordinate of the principal component with higher magnitude
fi,4 : Horizontal coordinate of the principal component with higher magnitude

Figure 4. Scattering of grouped peaks among subsequent A-scans.
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fi,5 : Magnitude of the first principal component
fi,6 : Magnitude of the second principal component
fi,7 : Variance of the peak in vertical direction
fi,8 : Variance of the peak in horizontal direction
Due to the nature of PCA, the resulting principal components are orthogonal to each

other. Hence, the direction of the second principal component is not utilised in the
feature vector, as it will not contribute to the amount of information known about the
buried object.

PCA 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 onto the first and second quadrants, respectively. Secondly, PCA is sensi-
tive to the scaling of the variables. If the change of variables is 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 at the very
beginning of the algorithm. This scaling operation is important, but the exact
scaling value is not critical. We observed that an amplitude interval that is compar-
able to the average variance of the peak scatter along the depth index works
successfully for each type of buried object.

Figure 5. PCA analysis of the scatter of the most variant peak, with centre and principal directions of
the scatter marked.
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2.3. Final classification

After the initial grouping of the buried object according to its metal content, its GPR
features are compared to the other objects’ features within the same metallic group
using k-nearest neighbour (k-NN) algorithm. k-NN is an instance-based learning
algorithm where new samples are classified by a majority vote of its neighbours in
the training set. We selected to use the Euclidean distance as the distance function
between the feature vectors. Simple unweighted voting is used as the decision function.
Training set is defined as the set of feature vectors corresponding to all B-scans except
the one which is being classified (leave-one-out technique).

3. Experimental results

In this section, identification results of the proposed method are presented. An illustra-
tion of our experimental setup is given in Figure 6. GPR antenna and metal detector
coil have been integrated into a single case. Therefore, both GPR and MD data are
collected simultaneously. Scanning velocity of the wooden-constructed robotic system
is 20 cm/sec. Tests are performed at three different controlled terrains with different soil
types and burial depths. Dielectric constants and conductivity values of the soil types
are summarised in Table 1. Actually, dielectric constant of a material varies with
frequency. For simplicity, an average value is provided for each soil type. Averaging
is performed between 600 MHz and 2.2 GHz. More details are available in [36].

The data set is obtained by using the dual sensor detector, explained in [37]. The
system operates on two main modes, detection and identification. When a detection
alarm occurred during detection scanning, another scan is performed with

Detector 
Circuitry

Scanning 
Arm

Grab 
Handle

LCD 
Screen

Robotic Scanning 
System Circuitry

Integrated
Detector Search Head 
(Antennas and Coil)

Wooden 
Constructed 

Robotic 
Structure 

Right and left scanning in 100 cm

Ground 
SurfaceBuried Target

Figure 6. Portable robotic scanning system and data collection scenario.

Table 1. Electromagnetic properties of soil types.
Soil type Dielectric constant Conductivity (S/m)

Type 1 2.33 0.0030
Type 2 2.75 0.0008
Type 3 2.59 0.0012
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approximately 0.2m/sec scanning speed by centring the suspicious region within
1 m distance. The antenna bandwidth of GPR sensor is approximately 1.5 GHz. The
following information is given to the operator instantaneously on LCD screen of the
system.

● Inspected region cross-track GPR image
● Reflected energy function for GPR
● Detection information for GPR
● Metal density function for EMI
● Detection information for EMI

The total number of object signatures (B-scans) in the data set is 640. The number of
distinct targets is 17. From each target, B-scans are recorded in four scanning directions
(right, left, up, down). The detector search head height from ground surface is approxi-
mately 5 cm. Antipersonnel and antitank mine simulants and some other objects that
are commonly encountered under the ground are used in the tests. Table 2 tabulates the
types of the buried objects, metallic content of each object and the corresponding
number of object signatures.

Content and size of mine simulants have very similar characteristics to the real
mines. As these values follow the standards, they are not given here. We only give size

Table 2. Data set used in the experiments.
Metallic content Object name Number of signatures

Non-metallic (Group 1) Glass bottle 60
DM11AT Mine simulant 40
Rock 60
VS1.6 Mine simulant 20
Number of Group 1 signatures 180

Low metallic (Group 2) Iron nail 40
DM11AP Mine simulant 40
M14 Mine simulant 60
PMN Mine simulant 20
TS50 Mine simulant 40
VS50 Mine simulant 20
Number of Group 2 signatures 220

High metallic (Group 3) Soft drink can 20
M15 Mine simulant 20
M6A2 Mine simulant 60
M7A2 Mine simulant 40
PMD Mine simulant 20
TM62M Mine simulant 20
Oil bin 60
Number of Group 3 signatures 240

Number of total signatures 640

Table 3. Burial depths of the targets
(in cm).
Object group Burial depths (cm)

Group 1 7, 9, 10, 20, 25
Group 2 5, 6, 7, 9, 10
Group 3 7, 10, 25, 30
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information of clutter objects. Buried rock’s longest edge is 8 cm. The glass bottle has
a height of 18 cm and the radius of its largest cross section is 4 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. The oil bin is a metallic rectangular
prism-shaped object having a size of 12 × 20 × 3 cm. The burial depths of the objects
are given in Table 3.

After the initial grouping step of buried object data according to metallic density
function, size of the window within which peaks are searched and grouped is taken to be
10 A-scans. As described in the previous section, eight features were extracted from each
object’s GPR response. After the feature vector is formed, it is classified using k-NN
method, where k is taken to be 3. Landmine/clutter discrimination rates for each group
of objects are given in Table 4. Overall, 628 B-scans out of 640 were correctly identified,
giving an average identification rate of 98.13% for the proposed method (false alarm
definition involves both misidentified mines and misidentified other objects).

To assess the impact of the initial grouping, we performed two additional experi-
ments. The first one uses only metallic and non-metallic pre-classification according to
metallic density channel, followed by the proposed peak scatter modelling-based

Table 4. Identification results of the proposed method (after initial grouping into non-metallic, low
metallic and high metallic groups).
Object grouping Number of false alarms (mis-identification) Number of signatures Identification rate (%)

Non-metallic (Group 1) 0 180 100.00
Low metallic (Group 2) 9 220 95.91
High metallic (Group 3) 3 240 96.25
Overall 12 640 98.13

Table 5. Identification results of the proposed method (after initial grouping into non-metallic and
metallic groups).

Object grouping
Number of false alarms (mis-

identification) Number of signatures Identification rate (%)

Non-metallic (Group 1) 0 180 100.00
Metallic (Group 2 and Group 3) 12 460 97.39
Overall 12 640 98.13

Table 6. Identification results of the proposed method (no initial grouping according to metal
density).
Object grouping Number of false alarms (mis-identification) Number of signatures Identification rate (%)

No grouping (All
signatures)

27 640 95.78

Overall 27 640 95.78

Table 7. Effect of training data size on identification rate.

Training data size 20% 40% 60% 80%
Leave one out
technique

Identification
rates (%)

Non-metallic, low metallic and high metallic
initial grouping
(The proposed method)

92.18 96.35 97.26 97.65 98.13

Non-metallic and metallic initial grouping 88.08 95.05 96.87 97.65 98.13
Without initial grouping 84.77 88.28 93.36 94.53 95.78
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discrimination method. The results are given in Table 5. We did not observe any
change in the overall identification performance for the same extensive data set.

In the second experiment, we did not perform any pre-classification by using
metallic density channel, and we classified all GPR data (640 B-scan images) using
only GPR signatures. The results are given in Table 6. In this case, there is a slight
decrease in identification performance, but the change is not significant.

In order to assess the effect of the training data size on identification rate, we
performed additional tests for different training data sizes (20%, 40%, 60% and 80%
of the total data size). The results of this experiment are also given in Table 7.

For the proposed method, identification performance does not change significantly
depending on the training data size. As shown in Table 7, 92.18%, 96.35%, 97.26% and
97.65% identification rates have been obtained when the training data size is set to 20%, 40%,
60% and 80% of the total data size, respectively. It is thus shown that the proposed method
gives adequate results even for small training data sizes using an extensive real data set.

We additionally compared the performance of the proposed method with a popular
buried object identification method based on edge histogram descriptors (EHD) [16].
The identification performance of the EHD method is presented in Table 8 for the same
data set with 60% training data. Comparing Table 7 and VIII shows that the proposed
method outperforms the EHD method.

4. Conclusion

In this paper, a novel buried object identification method is proposed for a GPR-EMI
dual sensor system. The proposed identification method first categorises the target data
according to its metal content using EMI sensor. Then, features based on the scatter of
the peak locations among subsequent A-scans are extracted from the target’s GPR
response and classification is performed via k-nearest neighbour algorithm. Using 17
different types of objects buried under three different types of soil and different burial
depths, 98.13% landmine/clutter discrimination rate is achieved for a total of 640
B-scans. We showed that our proposed method clearly outperforms the EHD method
[16] (60% training data and %40 test data).

Moreover, we assessed the dependence of the proposed buried object identification
method’s performance on the initial grouping based on the buried objects’ metal content.
We showed that grouping the buried objects into two groups based on their metallic
content as opposed to three does not deteriorate the overall identification rate. On the
other hand, performing no initial grouping only slightly decreases the identification rate.
This shows that modelling the peak scatter by itself already achieves reliable results, and
a slight boost in performance can be achieved using the additional information coming
from EMI sensor.

Table 8. Identification results of EHD method [16] (Training data set is 60%, no initial grouping
according to metal density).
Object grouping Number of false alarms (mis-identification) Number of signatures Identification rate (%)

No grouping (All
signatures)

32 256 87.50

Overall 32 256 87.50
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The proposed identification method has 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 character-
istics and buried object types. This allows the method to be used in conjunction with
different hardware setups to scan different types of ground.
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