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Picking rebars manually in the data from ground penetrating radar (GPR) surveys of concrete bridge decks is
time consuming and labor intensive. This paper presents an automated rebar localization and detection algo-
rithm for performing this task. The proposed methodology is based on the integration of conventional image
processing techniques and deep convolutional neural networks (CNN). In the first step, the image processing
methods, such as the migration, normalized cross correlation and thresholding, are used to localize pixels
containing potential rebar peaks. In the second step, windowed images surrounding the potential pixels are first
extracted from the raw GPR scans involved in the first step. Those are then classified by a trained CNN. In the
process, likely true rebar peaks are recognized and retained, whereas likely false positive detections are dis-
carded. The implementation of the proposed system in the analysis of GPR data for twenty-six bridge decks has
shown excellent performance. In all cases, the accuracy of the proposed system has been greater than 95.75%.

The overall accuracy for the entire deck library was found to be 99.60% = 0.85%.

1. Introduction

The use of ground penetrating radar (GPR) in the condition as-
sessment of concrete bridge decks has been well recognized and ac-
cepted. This technology provides data of high resolution and quality
that can be employed to evaluate various aspects of the deck condition.
Specific applications of GPR include evaluation of the deck thickness,
localization of rebars in concrete, or measurement of the concrete cover
[1]. Furthermore, it can be applied to characterize concrete deteriora-
tion, delamination potential, to describe concrete as a corrosive en-
vironment, or to estimate the concrete's dielectric constant and con-
ductivity [1-10]. On the other hand, a large amount of data, which the
GPR produces, requires extensive manual processing to extract useful
pieces of information. Of all the processes, the identification and lo-
calization of rebar peaks from B-scans (rebar picking) is well known to
be the most labor intensive and time consuming.

Particularly, the manual efforts will be multiplied with the use of
multi-channel GPR systems, such as those described in [11]. In such
situations, it may take several working days, or even weeks, for a GPR
analyst to complete the rebar-picking task for a single bridge deck.
Consequently, GPR might not be a cost-effective option and not be
considered for deck condition evaluation. In addition, the manual
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method of picking rebar prevents real-time data processing in the ro-
botics assisted bridge inspection [11]. Motivated by these issues, the
main goal of this study was to develop an algorithm that will automate
the localization and detection of rebar peaks from GPR data.

Automatic detection of buried objects, in general, and rebars, in
particular, in GPR images has attracted much research interest from
researchers in different science disciplines. For instance, Al-Nuaimy
et al. [12] developed an automatic system that recognizes solid objects,
such as pipes and anti-personnel landmines, in GPR images. In the first
step of their algorithm, GPR images are segmented using feature ex-
traction and neural networks (NNs) classification. In the second step,
the regions classified as target reflections, i.e., reflections from solid
objects, are further processed with edge detection and pattern re-
cognition algorithms to identify precise locations of the objects under
investigation.

In another study, Gamba and Lossani [13] utilized NNs to in-
vestigate hyperbolic signatures of pipes in GPR images. Specifically, a
NN detector was developed and applied to find buried objects on GPR
images after the images had undergone some pre-processing steps. The
purpose of those steps was to enhance the visibility of the signatures of
buried objects. Pasolli et al. [14] developed a technique based on a
genetic algorithm (GA) to recognize, in binary images, linear and
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hyperbolic signatures of solid, subsurface objects. By using the features
extracted from those binary objects, a support vector machine (SVM)
classifier was used to categorize them into linear or hyperbolic shapes.

Krause et al. [15] proposed a method that utilizes image segmen-
tation in the detection of rebar objects. Specifically, an image seg-
mentation technique was employed to first isolate arcs in the GPR B-
scans. An arc detector was then applied to categorize those based on
how well they match a hyperbolic shape. An arc with the highest rating
would be regarded as a hyperbolic rebar signature. When the technique
was tested on simple GPR scans, the accuracy was reported to be ap-
proximately 90%. Such accuracy, however, greatly decreased when the
same technique was applied to complicated GPR profiles.

Similar to the detection of pipe signatures mentioned above, a NN
was used for the detection of rebars in [16]. Specifically, to identify
hyperbolic rebar patterns, the study first used an image processing
technique for edge detection. The detected edge lines were then divided
into a set of overlapping sections that were used to search hyperbolic
patterns using the NN. The technique was demonstrated through a
correct localization of two reinforcing bars in a concrete slab. It was,
however, evident that the layout of rebars in real concrete decks, and
accordingly in real GPR images, is much more complicated than the one
used as an illustration in that case study.

In a more recent study [17], a template matching and a hyperbolic
curve-fitting algorithm were employed to detect reinforcing steel bars.
In the first step, a sum of squared difference (SSD) was utilized to
evaluate the similarity between a sliding window of GPR images and a
hyperbolic rebar template. When the SSD attained a minimum value, a
reference rebar position was selected. Then, with an assumption that
the spacing between rebars was fixed, a Fast Fourier Transform (FFT)
was used to find the hyperbolic peaks of all the remaining rebars. Fi-
nally, a hyperbolic curve fitting was executed to find the parameters of
each hyperbola using partial differential equations. There are a few
limitations of the approach. The first and biggest limitation is that the
template image would need to be selected manually for each bridge
deck. The second limitation is the assumption of a fixed rebar spacing,
which is not true in many cases. Further limitation is stemming from
the fact that the SSD is not a good similarity metric for the template
matching for these types of problems. The reason is that, an SSD is
affected by the absolute intensity values of the pixels of the two images
under comparison. GPR data for different decks, on the other hand, may
be collected by different gain setups. Similarly, different rebars in the
same deck may be at sections with various degrees of deterioration and,
therefore, may have very different amplitudes of reflection.

The methodology proposed in [18] is the most recently presented
technique. It uses a SVM classifier to categorize regions in a GPR image
into two groups: groups containing, and those not containing rebar
signatures. The input of such a classifier is the histogram of oriented
gradients (HOG), which is extracted from each windowed image region.
After finding likely rebar regions from the SVM classifier, the method
uses a hyperbola-fitting algorithm to find rebar peaks in GPR profiles.
The proposed methodology was demonstrated in GPR surveys of two
real concrete decks with a correct rebar detection of 92.45% and
91.50%, respectively.

2. Research methodology

This study proposes the use of deep convolutional neural networks
(CNN) for identification of hyperbolic rebar pattern, after conventional
image processing techniques have been employed to localize potential
rebar peaks. While the entire process for an automatic rebar picking is
summarized in Fig. 1, each of the steps will be described in detail in the
subsequent sections.

2.1. Time-zero correction

The setting of zero time position is of high importance for
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determining correct values of the two-way travel time and, conse-
quently, the rebar depth when processing GPR data. For an air-coupled
antenna, the zero time corresponds to the reflection from the ground
surface. On the other hand, for a ground-coupled antenna, it corre-
sponds to the direct-coupling reflection. Conventionally, the zero time
is placed at either the negative or the positive maximum peaks of the
first wavelet. As those peaks do not represent the true time-zero posi-
tion, the current research employs the zero time as suggested in a
previous study [19]. Specifically, the zero time is located at 0.61 ns
before the positive peak in the first GPR wavelet. Programmatically,
that first positive peak can be searched easily for each GPR signal (A-
scan) in a B-scan. After the position of the first positive peak was found
for all A-scans, an averaging operation is performed to find the average
position of the first positive peak for the entire B-scan. The B-scan will
then be corrected for time-zero by discarding all the samples before
0.61 ns of the average position of the first positive peak. A section of a
B-scan before and after time-zero correction using the proposed pro-
cedure is illustrated in Fig. 2.

2.2. Migration

The purpose of migration is to collapse all hyperbolic patterns as-
sociated with reinforcing bars, and to find their true locations. This step
should only be done after GPR scans have been corrected for time-zero.
A comparison between an original GPR scan, collected by a 1.5-GHz
ground-coupled antenna, and the one after migration is provided in
Fig. 3a and b. The signal velocity used in the migration was 0.1 m/ns.

A number of different methods for performing migration exist [20].
The hyperbolic summation (HS) migration algorithm was selected for
this study. This technique is effective and very easy to understand and,
therefore, is most commonly used. Specifically, in the HS algorithm,
each pixel with a positive amplitude value in the original GPR image is
migrated by guessing all possible locations of reflecting objects. Once
this was completed, the amplitude values of pixels at a true object lo-
cation will end up having the sum amplitude value of all the pixels on
the hyperbola. Therefore, in the migrated GPR scans, the energy will be
focused on true locations of reflecting objects. On the other hand, the
amplitude of a pixel that is not at the apex of a hyperbola will become
relatively small compared to those of the pixels at the true rebar loca-
tion.

In addition, it should be noted that when performing a migration it
is very important to select a correct signal velocity. If the velocity se-
lected for the migration operation is lower or higher than the true signal
velocity, it will result in “under-migration” or “over-migration”, re-
spectively. Examples of under-migration and over-migration are de-
picted in Fig. 3c and d, where a signal velocity of 0.07 and 0.13 m/ns
were used, respectively. Based on those definitions of migration, and
our trial and error experiments for GPR surveys on a large number of
concrete bridge decks, a signal velocity of 0.1 m/ns has been selected in
this research. That led to correctly-migrated B-scans, as depicted in
Fig. 3b. Certainly, one may be concerned with the variation of signal
velocity within a single concrete deck, or variations between different
decks. As it will be shown later, this assumed velocity worked well for
all bridge decks in this study.

2.3. Localization of potential rebar peaks

To clarify the automated rebar-picking algorithm, details of two
main steps of the algorithm are described. The first step aims at loca-
lizing potential rebar peaks, and is performed on migrated profiles. In
the second step, the spatial information of the pixels containing po-
tential rebar peaks in the migrated scans are used to determine the
locations of potential rebar peaks in the non-migrated scans. As ex-
pected, since the migration operation does not change the size and
number of pixels in the GPR scans, the spatial information will be the
same for both raw and migrated profiles. Finally, small images
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Fig. 1. Automatic rebar picking process.

surrounding potential rebar peaks are extracted from the non-migrated
GPR scans to be later classified by a CNN as whether it contains, or not,
rebar signatures. Examples of extracted images (51 x 37 pixels) from
raw GPR profiles were provided in Fig. 1.

It is obvious that localizing rebar peaks from migrated B-scans is
much easier than localizing the same from original GPR images. First,
the migrated profiles provide a higher intensity contrast than the ori-
ginal images. Second, the dot rebar signature in a migrated B-scan is
more stable, compared to the parameters of hyperbolic shapes in the
original images that are subjected to a rebar depth variation. It is the
changes of those parameters that have resulted in a limited success of
the template matching method in detecting hyperbolic rebar signatures.
Therefore, instead of doing the template matching on original GPR
images, the matching operation in this study was performed on mi-
grated profiles. After a careful analysis of “dot” rebar signatures on
migrated GPR scans, a simple “match filter” has been developed, as
presented in Fig. 4.
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Specifically, the filter is parametrically designed so that its vertical
size (in pixels) corresponds to 1.0ns of the two-way travel time,
whereas the horizontal size corresponds to a 0.1 m distance. While the
intensity value of all pixels close to the external boundary of the filter is
zero, the intensity value of the pixels near the center is unity. Since the
area in the center has approximately the same shape and size of the
rebar signatures in migrated GPR profiles, it will facilitate the filtering
of rebar objects. In terms of the operation, the filter will be slid over all
possible regions in the migrated B-scans. For each position, a normal-
ized cross correlation (NCC) coefficient will be computed to compare
the similarity between the sub-regions of migrated B-scans with the
filter. The closer to unity the NCC coefficient is, the higher the possi-
bility that a rebar exists at that sub-region will be.

It is worth noting that the goal of the selection of filter size was to
limit the effects of unwanted reflections from a delamination or
neighboring bars on the filtering operation. For example, if the filter is
too big, two rebars may be included in the sub-region to be compared



K. Dinh et al.

5l
o

AANAAAAA AANNAA
8 P M A Y B

» e g - DEN »

o
o

B AANAAAAA AANAAN
— | ¢ RTINS o ang e

(b)

Fig. 2. B-scans: (a) before and (b) after time-zero correction.

with the filter. That will result in a lower NCC coefficient for the sub-
region and the automatic rebar picking may miss the two rebars. On the
other hand, the filter needs to be large enough to cover migrated rebar
signatures. Considering commonly found rebar sizes in concrete bridge
decks, for example about 16 mm (bar #5); the size selected for the filter
in this study will be appropriate in most cases.

Finally, with respect to the thresholding, a global threshold of 0.45
for the NCC coefficient has been selected based on the evaluation of
GPR data for a number of bridge decks. This threshold is small enough
to pick up the most of binary objects containing rebar peaks, but is also
large enough to separate the binary objects between different bars, and
those from unwanted reflections. The rebar peak for each rebar can
then be precisely defined within each binary object by finding a
weighted centroid of that binary object in the original GPR image. As
can be seen in Fig. 5, although being able to pick up all the rebar peaks,
the filtering and thresholding step also results in many false positive
(FP) rebar detections. For example, there are false detections right
below many true rebar locations in Fig. 5. Those are caused by the tails
of reflection wavelets at the top rebar level. All these false positive
detections are eliminated in the next step.

2.4. Elimination of false rebar peaks using deep learning

There are, in general, two methods for elimination of false positive
rebar detections. In the first method, a number of picking criteria is
used to discard false detections. For example, using a priori knowledge
of a common range of rebar depth, all the binary objects that lie above
or below a certain number of pixels can be removed. Other picking
criteria can be used, such as common rebar spacing, expected shapes
and areas of binary objects that contain rebar peaks, etc. As can be seen
in Fig. 5, binary objects that contain rebars have a distinct stable round
shape. However, this approach is not preferred, because it may need to
be fine-tuned for each particular bridge deck.

In the second method, a classifier is used to recognize, if the image
containing a potential peak represents a rebar or not. This classifier can
be built based on machine learning techniques, such as SVM or tradi-
tional neural networks. These machine learning-based -classifiers,
however, require a feature vector (region descriptors) input to be ex-
tracted from each image section. Its performance, therefore, will de-
pend on how well the selected feature vector describes the objects
under investigation. For example, Kaur et al. [18] compared different
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feature vectors and concluded that the HOG provided the best perfor-
mance for their SVM classifier.

It was also recognized that a deep learning technique, the so-called
deep convolutional neural networks (CNN), could be employed to solve
the classification problem in this study. A CNN is a class of deep, feed-
forward artificial neural networks (ANNs) with multiple hidden layers.
This deep (multiple layers) structure allows a CNN to learn re-
presentations of data with multiple levels of abstraction [21]. There-
fore, for a classification problem, it works directly with data in their
raw form and does not require a feature vector to be manually designed
with an exceptional level of expertise.

In the presented algorithm, the locations of potential rebar peaks
(pixels) identified from the migrated profiles are first used to extract
small image sections surrounding those pixels. Those are done from the
original or non-migrated GPR scans. A CNN will then be used to classify
those images into two categories: (1) images containing rebars, and (2)
images not containing rebars. It is again noted that, because the CNN
has an inherent ability to discover automatically the representation
needed for detection and classification, there is no need to extract any
feature vectors. Therefore, it is expected herein that by simply feeding
the CNN with thousands of example images, both positive (containing
rebars) and negative (not containing rebars), the CNN will be trained to
fulfill its functionality of detecting rebar signatures.

A MATLAB program has been written to implement the above
process. A data set of 4000 example GPR images has been extracted
from raw GPR profiles for training and testing of the CNN. Of those
4000, 3000 images were used as the training set and 1000 images as the
testing set. The number of positive and negative samples in each of
these two sets are equal. All the images have the same size of
51 x 37 pixels and were extracted from B-scans of two bare reinforced
concrete bridge decks. The GPR data were collected using a 1.5 GHz
ground-coupled antenna with the same spatial setting. Specifically, the
number of scans per foot was 72, whereas the time range was 12ns,
which was digitized into 512 samples. Noting this information is im-
portant for the application phase. If a new GPR data set is collected
using different settings, the new GPR images will need to be resampled
to have the same size of the training ones. The extraction of those 4000
examples was done automatically, using the rebar picking method de-
scribed in the previous section. Since the process resulted in the ex-
traction of both positive and negative examples, the classification was
then performed by visually examining individual images. Some of po-
sitive and negative examples are shown in Fig. 6.

Fourteen layers in total were employed in the design of the CNN,
after conducting experiments and comparing the results, as depicted in
Fig. 7. As can be seen, in addition to the input and output layers at the
two ends, a block of three layers: convolution, rectified linear units, and
max pooling layers, is repeated three times in the CNN. The last block of
these three layers is then connected to a fully connected layer of 10
neurons, which is further followed by another fully connected layer of
two neurons. Finally, a softmax layer is included to facilitate the
training of CNN [22].

Following 40 epochs of training with an initial learning rate of
0.0001 and a mini-batch size of 500, the obtained CNN showed a great
ability to classify new data. Specifically, the CNN was able to predict
the category of 1000 images in the test set with an accuracy of 99.6%.
After a visual examination, it was found that in all instances the wrong
data classification in the test set had been associated with a false ne-
gative rebar detection. In those cases, the CNN failed to recognize the
hyperbolic rebar signatures due to a very high degree of signal at-
tenuation for those particular rebars.

3. Case study implementation
The proposed methodology was implemented to automatically pick

rebars in the GPR data from surveys of twenty-six concrete bridge
decks. The data have been collected by a team from Rutgers University
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as a part of surveys for the Federal Highway Administration's (FHWA's)
Long-Term Bridge Performance (LTBP) Program, and the New Jersey
Department of Transportation's (NJDOT's) Bridge Resource Program
(BRP). All the data were collected using a GSSI 1.5-GHz ground-coupled
antenna with a one-point (constant) gain setting. Although different
gain values were used in the data collection on different bridge decks,
those did not in any way affect the performance of the proposed picking
algorithm. In other words, no further processing was required beyond
the processing steps described herein.

The results of the automatic rebar picking for each deck are sum-
marized in Table 1. To simplify the presentation, the names of the
bridges are not shown in the table. As can be seen, the results are
compared with the ground-truth information to establish the accuracy
of the proposed methodology. For a comprehensive evaluation, two
measures of accuracy are utilized, as defined by Egs. (1) and (2). The
first measure considers only false negative detections, whereas the
second takes into account both false positive and false negative cases. It
is noted that the ground-truth information is defined by the visual ex-
amination of each individual B-scan. This procedure is appropriate
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because the goal of the study was to develop an algorithm that would
ultimately replace the manual execution of the task. As can be seen in
Table 1, the results show that the overall accuracy of rebar picking
method is 99.67% and 99.60%, for the first and second measure of
accuracy, respectively. The smallest accuracy was observed to be
95.75% for the 26th bridge deck in the library. These accuracies are
significantly greater than those reported in [18], which applied the
latest automatic rebar picking technique. In addition, the standard
deviation for both accuracies was 0.85%.

Number of true positive peaks

Accurac =
I1pe I = Tomal number of ground — truth rebar peaks (@))]
AccuracyType I
_ Number of true postive peaks — Number of false positive peaks
B Total number of ground — truth rebar peaks 2)

4. Conclusions

Picking rebars manually from the GPR data is time consuming and
labor intensive. Therefore, a novel method to automate that task was
developed and presented. Based on the deep learning techniques, a
CNN was trained to recognize rebar signatures in GPR B-scans of con-
crete bridge decks. To pick rebars in the GPR data for a deck, the
trained CNN is employed after conventional image processing techni-
ques have been used to locate potential rebar peaks. Its function is to
retain the likely true positive, and to discard likely false positive rebar
detections from the previous step. The implementation of the developed
algorithm on the GPR data from surveys of twenty-six bridge decks
indicated excellent performance, with an overall accuracy of detection
of 99.60% = 0.85%. The main limitation of the proposed algorithm is
that it requires a large amount of data for the training of CNN, and that
those data need to be representative for bridge decks that will be sur-
veyed in the future. For example, the CNN obtained in this study would
likely fail to detect rebar signatures in concrete decks with an asphalt
overlay. Such a limitation will be addressed in future studies.
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Table 1
Performance of the proposed algorithm for twenty-six bridge decks.

Bridge # Ground-  True False False Accuracy  Accuracy
truth positive  positive negative type I type II
number
of rebar
peaks

1 4002 4002 0 0 100.00% 100.00%

2 6526 6524 0 2 99.97% 99.97%

3 7740 7716 13 24 99.69% 99.52%

4 4603 4594 5 9 99.80% 99.70%

5 5820 5807 12 13 99.78% 99.57%

6 7565 7560 0 5 99.93% 99.93%

7 12,004 11,980 10 24 99.80% 99.72%

8 11,988 11,983 4 5 99.96% 99.92%

9 2772 2736 1 36 98.70% 98.67%

10 6592 6591 0 1 99.98% 99.98%

11 10,343 10,340 3 3 99.97% 99.94%

12 2599 2593 0 6 99.77% 99.77%

13 6867 6788 2 79 98.85% 98.82%

14 5735 5687 4 48 99.16% 99.09%

15 4484 4480 6 4 99.91% 99.78%

16 3422 3414 4 8 99.77% 99.65%

17 3392 3372 0 20 99.41% 99.41%

18 8056 8051 7 5 99.94% 99.85%

19 3418 3412 12 6 99.82% 99.47%

20 3266 3266 4 0 100.00% 99.88%

21 9412 9408 8 4 99.96% 99.87%

22 6720 6720 0 0 100.00% 100.00%

23 4096 4096 0 0 100.00% 100.00%

24 2348 2330 0 18 99.23% 99.23%

25 1376 1372 8 4 99.71% 99.13%

26 4074 3903 2 171 95.80% 95.75%

Overall 149,105 148,610 105 495 99.67% 99.60%

Standard 0.85% 0.85%

devia-
tion
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