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ARTICLE INFO ABSTRACT

Automatic identification and localization of rebar from ground penetrating radar (GPR) data has been a research
topic of great interest. This paper presents an automated rebar picking algorithm for GPR data of concrete bridge
decks. The algorithm is based on the Limited and Simplified Hyperbolic Summation (LSHS) technique in which
the width of migration is limited and a counter is used to check if a hyperbolic signature exist in a sub-region of
GPR image. More specifically, after a time-zero correction, each pixel in the raw GPR image with a positive
amplitude will be migrated, as it is usually done with the conventional hyperbolic summation (HS) technique.
However, for each pixel to be migrated, the width of migration is limited in the horizontal direction and a unit
value will be used for migration, instead of the true amplitude values of the pixels. In the obtained image, the
pixels containing rebar peaks will normally have the intensity values close to the number of pixels corresponding
to the width of migration and, therefore, can be picked. Whereas the method is rather straightforward and simple
to develop, its implementation on GPR data of two concrete bridge decks has shown good results. First, the GPR
condition maps obtained from the proposed algorithm were in a good agreement with those developed by the
manual method of rebar picking. Second, the accuracy of the picking algorithm was 98.09% and 99.21% for the
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two decks, respectively.

1. Introduction

Ground-penetrating radar (GPR) is a nondestructive evaluation (NDE)
technology well suited for concrete bridge deck inspection [1-10]. For
each bridge deck, the technology provides a huge amount of data that can
be employed to evaluate the deck condition. This large amount of data,
however, requires significant processing efforts that are usually time
consuming and labor intensive. Therefore, an automation of GPR data
analysis will save a considerable amount of time and labor resources for
those NDE teams conducting GPR surveys on bridge decks. Moreover, the
need of automatic rebar localization is also of increasing importance
when the use of robotics assisted bridge deck inspection tools, such as the
system described by Gucunski et al. [11], is becoming a reality.

Manual numeric evaluation of GPR data for a bridge deck involves a
number of steps. First, GPR profiles (B-scans) need to be pre-processed to
make sure that they are correctly geo-referenced. Then, the processing
starts with a time-zero correction for each B-scan. This correction aims at
finding the true zero time in the B-scans and is mandatory to, later on,
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correctly extract the rebar depth information (two-way travel times). The
next step, after time-zero correction, is rebar picking. This task is usually
labor intensive and has always accounted for most of the time an analyst
spends to assess the GPR signals from bridge decks. Finally, following the
localization of rebar peaks, the reflection amplitudes obtained from these
peaks will be used to generate a GPR condition map. In a case where a
considerable variation of rebar depth is observed, a depth correction
procedure should be performed on the amplitude data before they are
used to develop the condition map [3,4,8]. As one can realize, for a
bridge deck with thousands of rebar peaks, it takes an extensive amount
of time to complete the entire process. Motivated by this problem, the
main goal of this study was to develop a system that can automate the
rebar-picking task. Accordingly, two research objectives were identified
as follows:

(i) Review methods for automatic rebar detection and localization
from GPR signals; and
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(ii) Develop an automated system for picking rebars from bridge deck
GPR data.

2. Methods for automatic rebar detection and localization
2.1. Rebar signature in GPR images

This section explains the formation of a rebar signature in GPR B-
scans of concrete bridge decks. It is noted herein that a ground-coupled
GPR system is used in this research. As can be seen in Fig. 1a, the GPR
system comprises two antenna elements, a transmitter (T) and a receiver
(R), which are protected in a plastic box, i.e., antenna housing. For each
scanning position, the transmitter emits a short pulse of an electromag-
netic (EM) wave. The EM wave then propagates through concrete and a
part of its energy will be reflected back when it reaches an interface
between two media of different dielectric constants. The receiver will
record the reflected energy to form an A-scan for each survey location. In
concrete decks, common reflection interfaces are air/asphalt and
asphalt/concrete (for concrete decks with an asphalt overlay), or air/
concrete (for bare concrete decks), concrete/rebar at the top and bottom
rebar mats, and finally concrete/air at the deck bottom. Of all the re-
flectors, concrete/rebar is the most notable interface with a strong
amplitude of reflection.

Also illustrated in Fig. 1a is the formation of a GPR B-scan for a bare
concrete deck from the records of three scanning positions, which
correspond to three A-scans. This B-scan is produced when the GPR an-
tenna passes over a rebar location. It should be noted that, for simplicity,
the direct-coupling reflection is not depicted in the diagram. Such a
reflection is a mixture of an “air wave”, i.e. cross-talk between the
transmitter and receiver, and the surface reflection at top of the deck.
With respect to the rebar reflection, as can be seen from three scanning
positions, it forms a hyperbolic pattern. This occurs as the A-scans are
always plotted vertically instead of following the true travel path of the
EM wave. It is also worth to note that finding the true travel path of the
EM wave reflection in an A-scan is not possible. However, that can be
done in B-scans using a so-called “migration” technique. A detailed
description and explanation of the technique will be provided later in the
research methodology section.

Additional explanations are needed for a more complete compre-
hension of B-scans from real bridge decks, such as the one depicted in
Fig. 1b. Specifically, instead of seeing GPR waveforms, a gray-scale image
is shown. This happens because commonly used GPR data processing
software automatically converts sampled amplitude values in A-scans
into the intensity values of the image pixels. In the GPR images, the
horizontal axis depicts the measurement distance, while the vertical axis
indicates the depth-related information, for example, two-way travel
time. The observed width of a hyperbola in a B-scan will depend on the
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number of A-scans per unit length and the depth of the corresponding
rebar. The higher number of scans per unit length, the wider the hy-
perbolas will be. Similarly, the deeper a rebar is, the wider the corre-
sponding hyperbola will be.

2.2. Automatic rebar identification

In principle, the assessment of concrete bridge decks from GPR data is
based on the evaluation of signal strength at rebar locations [4,6-10]. A
strong reflection indicates a sound concrete whereas a low signal
amplitude suggests a corrosive environment. Therefore, an automatic
condition assessment of concrete bridge decks from GPR data totally
depends on the ability to automate the detection and localization of re-
bars. A summary of previous research ideas to automate the detection
and localization of circular objects, in general [12-14], and rebar objects,
in particular [15-19], is provided below.

Hyperbolic signatures have been used extensively to detect buried
objects in GPR images. Different methods have been proposed to perform
this detection. For example, Al-Nuaimy et al. [12] used a neural network
classifier that had been trained to divide GPR images into useful and
redundant regions. Some further processing and then a Hough Transform
was applied to the edges of those useful regions to identify the depth and
position of the objects under investigation. In another research, Gamba
and Lossani [13] also used a neural network, but to detect hyperbolic
pipe signatures, after some preprocessing steps on GPR images had been
done. Pasolli et al. [14] proposed another technique that utilized a ge-
netic algorithm to detect linear and hyperbolic patterns in binary images
that had been obtained from the two previous steps of preprocessing and
thresholding. The hyperbolic patterns were then differentiated from the
linear ones by a support vector machine (SVM) classifier.

With regard to rebar detection, Krause et al. [15] came up with an
idea of using image segmentation for the detection of hyperbolic signa-
tures. In their research, first, an image segmentation algorithm was used
to isolate the arcs in the GPR profiles. From those arcs, hyperbolic shapes
would be detected using an arc detector whose principle was based on
rating how well an arc matched a hyperbola. In terms of experimental
results, the accuracy of the proposed method was reported to be
approximately 90% for simple GPR profiles. Nevertheless, that accuracy
was substantially reduced when the same algorithm was implemented for
more complicated GPR scans.

In 2005, Shaw et al. [16] started using neural networks for the
detection of rebars. More specifically, to identify rebars, they first used an
image processing technique to detect edge lines in GPR scans. Those
identified edge lines were then split into a set of overlapping subsections
that were utilized to find hyperbolic patterns using neural networks. The
methodology was then verified with a correct detection of two rein-
forcing bars in a concrete slab. It is, however, obvious that the
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Fig. 1. Formation of hyperbolic rebar signature in (a) schematic and (b) real GPR B-scans.
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arrangement of rebars in real concrete decks and in real GPR images is
much more complicated than the one illustrated in the case study.
Therefore, the application of such a method would be much more
difficult.

The use of a template matching and hyperbolic curve fitting to detect
reinforcing bars was presented by Wang el al. in Ref. [17]. Specifically, a
sum of squared difference (SSD) was used in that research as a similarity
metric when a sliding window of GPR images was compared with a hy-
perbolic rebar template. When the SSD reached a minimum, a reference
rebar apex position was selected. Next, with an assumption that the in-
terval between rebars was fixed, a Fast Fourier Transform (FFT) was used
to find the hyperbolic apexes of all the remaining rebars. Ultimately, a
hyperbolic curve-fitting algorithm was performed to find the parameters
of each hyperbola using partial differential equations. As can be realized,
such a method has several limitations. First, a rebar template would need
to be chosen manually for each individual bridge deck. Second, the
assumption of a fixed rebar interval is usually not correct in most cases. In
addition, the SSD is not a good similarity metric for the template
matching for this kind of a problem. Obviously, the SSD is subjected to
the absolute intensity values of the pixels of the two images under
comparison.

Kaur et al. [18] employed the support vector machine (SVM) tech-
nique to classify a region in GPR images into two categories: containing,
and not containing rebar signatures. The input of the SVM classifier was a
feature vector extracted from a windowed image region on the investi-
gated B-scan. By comparing the performance of different feature vectors
such as the histogram of oriented gradients (HOG), gradient-orientation
histogram, maximum gradient orientation, and edge pixels, it was found
that the HOG was best suited for the SVM classifier. After finding likely
rebar regions using the SVM technique, a hyperbola-fitting algorithm
would be used to find rebar peaks in GPR images. The methodology was
showcased for two real concrete decks with the correct rebar detection
reported as 92.45% and 91.50%, respectively.

Most recently, Dinh et al. [19] proposed a two-step algorithm for an
automatic localization and detection of rebars from B-scans of bare
concrete bridge decks. In the first step of the algorithm, the hyperbolic
summation (HS) migration was used, along with conventional image
processing techniques such as normalized cross correlation and thresh-
olding, to locate potential pixels containing rebar peaks. Then, in the
second step, a trained convolutional neural network (CNN) was
employed to eliminate the false positive detections from the first step.
Whereas the algorithm has been proven effective, with an overall accu-
racy of 99.60 £+ 0.85% for twenty-six concrete bridge decks, it is more
computationally expensive than the method developed in this research,
as it will be explained later.

3. Research methodology
3.1. Study hypothesis

Rebar picking is the process of identifying and locating the true lo-
cations of rebars on GPR scans from the hyperbolic signatures associated
with the rebars. As previously explained, the true location of a rebar on
GPR scans is considered to be at the apex of the corresponding hyperbola.
Therefore, to develop an automated picking algorithm, it is first assumed
that a pixel is being considered if it is the apex of a hyperbolic rebar
signature. As can be realized, if this is really the case, based on the
location of that pixel and GPR signal velocity, it will be possible to
calculate the parameters of such a hyperbola, and to find its corre-
sponding location (trace) on each of A-scans adjacent to the pixel. Once
this has been done, if only the positive part of the hyperbola is concerned,
the pixels on the trace of the hyperbola on each of those A-scans should
have positive amplitude values. It is hypothesized that this may be used
as a useful condition to verify if the pixel in question is truly an apex of a
hyperbolic rebar signature.
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3.2. Picking algorithm

To implement and test the hypothesis above, this study developed a
simple technique called Limited and Simplified Hyperbolic Summation,
which is abbreviated henceforth as LSHS. While the overall flowchart of
the picking algorithm is provided in Fig. 2, details of each of the steps will
be described and discussed in the subsequent sections.

3.2.1. Time-zero correction

The time-zero correction is the first step that has to be taken before
performing a migration operation on a B-scan. This step is also of
importance for an accurate extraction of the two-way travel time and all
depth-related information. The zero time corresponds to the first reflec-
tion from the ground surface and, conventionally, it is placed at either the
negative or the positive maximum peaks of the first wavelet. As this
method does not give a very accurate representation of the true time-zero
position, the current research employs the zero time suggested by Yelf in
Ref. [20]. Specifically, the correct zero time is located at 0.61 ns before
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Fig. 2. Picking algorithm.
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the positive peak in the first GPR wavelet. Programmatically, this zero
time can be found easily for each GPR B-scan.

3.2.2. Limited and Simplified Hyperbolic Summation (LSHS)

This section describes in detail the second step of the picking algo-
rithm where the LSHS migration is performed. For a better comprehen-
sion, the hyperbolic summation (HS), the commonly used migration
technique, will be explained first. Specifically, the purpose of a migration
is to collapse hyperbolic patterns associated with point-like reflecting
objects in a B-scan [21]. With respect to the HS algorithm, its principle
can be understood through investigating the formation of hyperbolic
signature in Fig. la. In applying the HS algorithm, each pixel in the
original GPR images will be migrated by searching all possible spatial
locations of the reflecting object. By doing this, the intensity values of the
pixels at a true object location will end up having the sum intensity value
of all the pixels on the hyperbolic signature. Therefore, in the migrated
GPR profiles, the energy will be focused on those pixels. A comparison
between an original B-scan for a concrete bridge deck and the one after
migration (with a signal velocity of 0.1 m/ns) is provided in Fig. 3. As can
be seen, the B-scan in Fig. 3b provides a much better visualization of the
locations of rebars.

NDT and E International 98 (2018) 45-54

Mathematically, the name of HS correctly indicates its working
principle. The method considers each pixel in the original GPR image to
be the apex of a hypothetical hyperbola. Based on the location of a pixel
and an assumed signal velocity, it then determines the shape and location
of the corresponding hyperbola in the GPR image. Next, the amplitude
values of all the pixels within that shape will be added up to the one of the
pixel in question. If the assumption is correct, the amplitude of the pixel
will be amplified after migration. If not, its amplitude will become
relatively small, compared to those of the pixels containing the apexes of
true hyperbolic rebar signatures.

With respect to the signal velocity used for performing the migration,
if a velocity lower or higher than the true velocity is selected for the
migration, it will result in what is called “under-migration” or “over-
migration”. Fig. 4 presents examples of such situations where under-
migration (Fig. 4a) and over-migration (Fig. 4b) occur when a B-scan is
migrated with a signal velocity of 0.07 m/ns and 0.13 m/ns, respectively.
Although the signal velocity may vary among bridge decks and between
different regions of the same deck, subjected to the microstructure and
moisture content of the concrete cover, based on the experiment on GPR
data for many bridge decks, an average signal velocity of 0.1 m/ns has
been selected in this research.

— .

(b)
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Fig. 3. B-scans: (a) original and (b) after migration.
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(b)

Fig. 4. Migrated B-scans (a) under-migration and (b) over-migration.

As the name implies, the LSHS migration developed in this research is
based on the same principle as the HS, but with two major modifications.
Fig. 5 illustrates these modifications, where the migration algorithm is
performed for the two pixels in green color. As can be seen, the first
modification is that the LSHS limits the width (range) of migration to
12 cm, which, as will be explained later, corresponds to the smallest
width of a hyperbolic rebar signature. With respect to the second
modification, the migration will only be done for the pixels with positive
amplitudes. However, instead of using the true amplitudes of the pixels, a
unit value will be utilized.

A detailed explanation is needed to justify the width of migration
specified above. As illustrated in Fig. 6, due to the effects of a limited
antenna beam angle, and the variation of rebar depth, some hyperbolas
may appear in the B-scans narrower than the others may. Specifically,
among the three test locations depicted in Fig. 6, the reflection from the
top rebar will exist only in one A-scan, i.e., the A-scan corresponding to
the middle test location. On the other hand, with a greater depth, the
bottom rebar will appear in the A-scans of all the depicted test locations.
It should be emphasized that, with a high number of scans per unit length
commonly used in data collection, in most cases the reflection from a
rebar will exist in more than one A-scan, in the form of a hyperbola.
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However, the number of A-scans in which the reflection from a rebar is
present will vary, depending on the depth of that particular rebar. A
similar explanation of the beam angle effect can also be found in Ref. [22]
for the same 1.6 GHz antenna employed in this study.

For the above reason, it is first necessary to study the size (width) of
hyperbolic rebar signatures commonly found in GPR B-scans of concrete
bridge decks. In other words, an answer to the following question is
needed: what is the smallest width of a hyperbolic rebar signature in the
horizontal direction? Mathematically, this information can be obtained,
if the exact antenna beam angle is known. However, as the authors do not
have such a detailed information, an empirical approach was selected for
this study. Specifically, an observation from a review of a large number of
GPR data for bridge decks has allowed this value to be identified as being
approximately 12 cm. It means, to implement the research idea, the
picking algorithm should only find the trace of the hypothetical hyper-
bola in the A-scans within a horizontal distance of 6 cm from the pixel
under investigation, i.e., the apex of the hypothetical hyperbola.

With respect to the second modification of using a unit amplitude
value in the migration, its aim was to check whether all the pixels on the
traces of hypothetical hyperbolas have positive amplitudes, or not. In
other words, the LSHS algorithm allows the creation of a simple counting
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system that can be used to verify if a hypothetical hyperbola is truly a
rebar signature. Specifically, supposing that on each of the traces of the
hypothetical hyperbola within a horizontal distance of 6 cm from its
hypothetical apex, a pixel is taken and its amplitude is examined. If the

amplitude is positive, a unit amplitude value will be assigned to that pixel
and be added to a counter, which is located at the apex of the hyperbola.
If not, the counter will remain the same. After this procedure has been
done for all A-scans within the scope of the algorithm, for a true hyper-
bolic rebar signature, the counter should have the value being equal to
the number of A-scans. This idea is illustrated in Fig. 7 where the red
pixel in Fig. 7a is likely a rebar peak whereas the green pixel in Fig. 7b is
not likely a rebar peak.

3.2.3. Thresholding

As explained above, the purpose of using a unit amplitude value in the
operation of LSHS is to count the number of A-scans that have positive
amplitudes (indicating reflection) within the shape of the hypothetical
hyperbola. If this number is equal to the maximum number of A-scans
within the width of LSHS migration, it is likely that the pixel in question
is the apex of a hyperbolic rebar signature. However, the use of such an
extreme threshold (no tolerance) may result in a failure of the algorithm
in picking rebars within certain areas in a B-scan. The first reason is that

Counter Counter
1 1H1 1 o112
L 1 0 il
1 1 i il
ik il 0 (1]
i 1 0 0
1 il 0 0
1 il 1 1
1 1 i 1
1 1 0 1

(a)

(b)

Fig. 7. Hypothetical hyperbolas: (a) likely and (b) unlikely rebar peaks.
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some hyperbolic shapes may be distorted due to a concrete damage, a
bump on the deck surface during the data collection, or due to some other
reasons. The second reason is that some of the signals on a hyperbola may
be too weak (zero amplitude), because of a corrosive environment. Thus,
those are not migrated to the apex of the hyperbola. The third reason is
that, for some decks, the true signal velocity may vary between deck
areas. Consequently, the under- or over-migration may occur in some of
those areas. Finally, the algorithm may fail simply as a result of digital
sampling. For example, as can be seen in Fig. 5, there are several in-
stances where the LSHS algorithm needs to decide on which of the two
pixels in the same column the migration should be performed. For all
these reasons, if an extreme threshold is used, one defective pixel on the
trace of a correct rebar signature might lead to a failure of the algorithm
in picking that rebar. Therefore, it may be more reasonable to select a
smaller threshold for the picking algorithm. However, that may lead to
another issue, the false positive detection, where some reflections from
other objects may be misclassified as rebar peaks.

3.2.4. Extract rebar peaks

As will be seen in the experiment section, the output of thresholding a
migrated B-scan will be binary objects containing pixels of potential
rebar peaks. The reason being to obtain high-resolution images, the
sampling frequency is normally set high enough, so that each reflection
wavelet will contain many more than one digitized sample. Corre-
spondingly, the algorithm will need to select from those objects the pixels
that best represent the apex of each hyperbola. While the selection of the
rebar peaks in those cases might be done by simply finding the centroid
of the candidate pixels, or the pixel with the highest amplitude, the latter

NDT and E International 98 (2018) 45-54

has been used in this study.

3.3. Experiments

A program has been written in MATLAB to implement the proposed
algorithm. In the program, the user is allowed to change both the width
of migration and the picking threshold. However, as the width of
migration has been selected previously to be 12 c¢m, in the first experi-
ment shown in Fig. 8, only the threshold will be varied to observe the
corresponding change in the picking performance of the proposed algo-
rithm. Specifically, the picking performance for a B-scan, when the
picking threshold is set to correspond to 12, 11 and 10 cm, is depicted in
Fig. 8a, b, and c, respectively. As can be seen, when the threshold is set to
12 cm, the algorithm fails to detect some of the rebars. When the
threshold is reduced to 11 cm, all the rebars are detected. However, when
the threshold is set to 10 cm, a number of false positive peaks appear. As
the performance is the best when the threshold is set to 11 cm, that
threshold is used in the second experiment, which follows.

The purpose of the second experiment was to see, if there is any effect
of rebar spacing on the performance of the picking algorithm. Specif-
ically, whereas the average spacing distance between rebars in the first
experiment in Fig. 8 is 16 cm, the average value for the second experi-
ment is only 9 cm. With the same threshold, which was selected to be
equivalent to the number of A-scans in a horizontal distance of 11 cm, the
picking performance is presented in Fig. 9. The result indicates that all
rebar peaks in the original GPR image in Fig. 9a have been successfully
localized by the developed algorithm in Fig. 9e. It suggests that the dis-
tance between rebars is not a factor that affects the picking algorithm. It

(b)

(c)

Fig. 8. Performance of rebar picking algorithm when the threshold is set to (a) 12 cm, (b) 11 cm and (c) 10 cm.
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Fig. 9. GPR scans (a) original, (b) after HS migration, (c) after LSHS migration, (d) after thresholding, and (e) with rebar picking.

is noted that, for a comparison, the migrated B-scan using the conven-
tional HS is also included in Fig. 9b. As can be seen, whereas the migrated
GPR scan using the conventional technique provides a much better
contrast than the one using the proposed LSHS (Fig. 9¢), it contains a less
useful information, in terms of providing the rebar picking criteria.
Specifically, in the migrated B-scan using HS, the intensity (amplitude)
values of the pixels containing rebar peaks may vary between different
bars. Therefore, the rebars cannot be picked based on the amplitude. That
was the reason why Dinh et al. [19] had to use a CNN in the second step
of their algorithm. On the other hand, by limiting the width of migration
and using a counting system (counter), the proposed LSHS algorithm
allows the rebars to be picked by simply using the amplitude criterion.
Therefore, the algorithm developed in this research is less computa-
tionally demanding than the one described in Ref. [19]. Specifically, for
the B-scan in the second experiment, which is 64 m long, while the
execution time of the algorithm proposed in Ref. [19] was 28 s, the time
needed for the proposed algorithm was only 10 s. The computer, which
was used for the comparison, has 16.0 GB of installed memory (RAM)
and a 64-bit operating system. The speed of the central processing unit
(CPU), as indicated by the system, is 3.50 GHz.

4. Case study implementation

In this section, GPR condition maps will be developed for two real
concrete bridge decks using both manual and automated rebar picking.
For each deck, the two maps will be compared to examine the perfor-
mance of the automated rebar-picking algorithm. With respect to the
depth correction, both methods will use the same technique described in
Ref. [3]. In addition, for each deck, the accuracy of the automatic
rebar-picking algorithm will also be investigated by studying the in-
stances of false positive and false negative rebar detection. To clarify, a
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false positive detection is the case when the algorithm erroneously picks
a pixel that is not a rebar peak, while false negative detection is the case
when a true rebar peak is overlooked by the automated algorithm. It is
noted further that, comparing the number of detected rebar peaks with
the one extracted from the design documents was not the objective of this
study. As one can realize, the as-built rebar configuration may be, in some
cases, somewhat different from the design one. That explains why one of
the applications of GPR has been to verify the quality of construction
(quality assurance/quality control) [1]. Finally, it is worthy to emphasize
that, in the case studies, only the top rebars will be of concern.

4.1. Elkton Bridge, Maryland

The bridge in Elkton, Maryland was constructed in 1973. It is located
on State Route 273 and crosses over the Little Elk Creek. The bridge is
27 m long and 14 m wide, which has a bare concrete deck on seven steel
girders, and two abutments and a center pier. The bridge is skewed with
an angle of 14°53’. The deck, which is 20 cm thick, was tested in July
2013 using a 1.5 GHz ground-coupled GPR antenna manufactured by
GSSI. The scan lines were set up parallel to the traffic with a 2-foot
spacing distance. The number of scans per unit length was set up to 60
scans/foot. The GPR condition maps developed using the two rebar-
picking methods are provided in Fig. 10. As can be seen, the two maps
are in good agreement, with a minimum discrepancy. With regard to the
performance of the automated rebar picking algorithm, of 2772 rebar
peaks in the original GPR profiles, it was able to pick correctly in 2733
and miss in 39 instances. There were 14 instances where a pixel was
misclassified as a rebar peak. Accordingly, the accuracy of the algorithm
was calculated to be 98.09%.
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Fig. 10. GPR maps for the Elkton Bridge deck developed with (a) manual, and (b) automated rebar picking.

4.2. Pequea Bridge, Pennsylvania

The Pequea Bridge in Conestoga, Pennsylvania, was built in 1970. It is
of the same structure type as the Elkton Bridge, i.e., a bare concrete deck
on steel girders. The deck of the bridge, which is 47 m long and 13 m
wide, was tested in August 2013 using a 1.5 GHz ground-coupled GPR
antenna. The survey grid was set up in the same way as on the Elkton
Bridge. The GPR condition maps developed with manual and automated
rebar picking are provided in Fig. 11. As can be seen, except for some
small areas at the bottom of the two maps, they look almost identical. In
terms of the accuracy of the automated method, whereas the visual ex-
amination indicates a total number of 6867 rebar peaks, 6834 of them
were picked correctly. The number of false positive instances was 21. It
means that the accuracy of the automated method for the Pequea Bridge
deck was 99.21%.

Lateral Distance (m)

5. Conclusions

Picking rebars from GPR data of concrete bridge decks is time
consuming and labor intensive. This paper, therefore, presents a simple
algorithm for the automation of that task. As has been seen, the algorithm
is based on the idea of the conventional hyperbolic summation technique
where it is simplified to provide a suitable condition for the localization
of rebar peaks. By limiting the width of migration and using a unit
amplitude value for migration, the algorithm has basically created a
counting system to verify the continuity of a hyperbolic signature. If this
continuity is confirmed, there is likely a rebar peak at the pixel under
investigation. As a proof of concept, the proposed algorithm has been
implemented for two real concrete bridge decks. In both cases, the con-
dition maps provided by the picking algorithm almost resembled those
obtained from the manual rebar picking method. In addition, the accu-
racy of the proposed picking algorithm was 98.09% and 99.21%,
respectively, for the two decks.
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Fig. 11. GPR maps for the Pequea Bridge deck developed with (a) manual, and (b) automated rebar picking.
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