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ABSTRACT Traditional evaluation of reinforced rebar in concrete elements involves destructive methods that may
harm the building. This paper introduces a framework that adopts non-destructive techniques to classify rebar in
reinforced concrete elements. The framework integrates Ground Penetrating Radar (GPR) with deep learning to automate
rebar detection and analysis in concrete elements. The framework consists of four stages: Data sets Creation, Data sets
Processing, Steel Rebar Detection Model, and Transfer Learning. Different deep learning models are tested to choose the
highest-performing model. The YOLO v8 model outperforms Faster R-CNN and YOLO v7. The selected YOLO v8
model is trained on experimental and site data and then tested on real data from the building to validate the model’s
accuracy and ability to classify rebar diameter. Integrating GPR with deep learning can potentially improve the accuracy

and efficiency of rebar detection in structural assessments.
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1 Introduction

Inspecting and evaluating the quality of reinforced
concrete is crucial in civil and infrastructure engineering.
Due to the potential risks associated with structural
failure [1]. One of the most critical factors to validate is
rebar. Accurate identification and description of
reinforcing rebars in a concrete structure is essential for
ensuring construction quality control and evaluating
safety measures for buildings at various stages of the
project [2]. Furthermore, examining the diameters of
rebar and the spacing between them is vital for fabricators
and site engineers to ensure that the dimensions align
with the design model during the manufacturing and
construction phases. The bearing capacity of reinforced
concrete structures is determined by the dimensions and
position of the rebar [2]. Additionally, the presence of
cracks in concrete surfaces can impact the effectiveness
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of reinforcement repairs, potentially leading to corrosion
and a reduction in the bond between materials [3]. These
cracks can also increase the exposed surface area, causing
more stress and further reducing the durability and
strength of the structure [4]. Cracks in concrete not only
affect durability but also compromise long-term structural
performance. Cracks have a detrimental effect on
concrete structures due to their impact on the accuracy of
load-bearing capacity assessments and overall safety.
Additionally, the cost of repairs and maintenance can be
significant, making early detection and assessment crucial
for ensuring long-term structural health and cost-
effectiveness [5]. Therefore, it is crucial to closely
monitor the condition of concrete surfaces and address
any cracks quickly to maintain the structure’s integrity.
Repairing cracks is essential to prevent further damage
and maintain structural integrity. Various methods for
modeling cracks help determine the most effective repair
technique [6].

Commonly utilized methods for detecting rebar are
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considered destructive, such as coring, which can
compromise the integrity of the structure. Several factors
have been found to influence the measured accuracy,
including the length or diameter ratio of the core, the
diameter of the core, and the direction of drilling [7].

Ground penetrating radar (GPR) is considered one of
the important non-destructive techniques (NDT) methods
in construction. It can be used to inspect reinforcement
rebar within concrete, identify underground utilities, and
evaluate the structural integrity of buildings [8]. GPR is
commonly used for detecting reinforcement rebar and
voids in concrete structures, providing valuable
information for restoration projects. This technology
allows for a more thorough assessment of the building’s
condition without causing any damage to the structure.
GPR operates by emitting and receiving electromagnetic
waves. The electromagnetic reflections from diverse
objects such as steel reinforcement bars, cavities, or other
materials exhibit hyperbolic or linear configurations with
varying polarization and signal strength. Through detailed
examination of these reflections, it leads to determine the
object case [9]. However, the interpretation of GPR data
requires specialized training and expertise to accurately
identify potential issues. To address this challenge,
artificial intelligence (AI) can be utilized to streamline the
process and provide more accurate results. The visual
interpretation of GPR data by a skilled professional
requires a significant amount of time and effort. The
process of interpreting GPR data takes a lot of time, and
possibly even longer, to be fully completed. Therefore, it
affects the effectiveness of decision-making for
maintenance and repair purposes [10]. Utilizing Al can
help streamline the process and improve accuracy by
reducing human error and providing more efficient
analysis of large data sets [11]. Additionally, Al
algorithms can quickly identify patterns and trends in data
that may not be immediately apparent to human analysts.
By incorporating Al and deep learning into non-
destructive testing analysis, the potential for human error
in interpreting data can be minimized, ultimately leading
to more efficient and effective interpretation [12]. The
integration of GPR data with machine learning algorithms
is crucial for obtaining high-quality data sets and
addressing challenges caused by factors that affect GPR
waves, such as environmental influences and the time-
consuming process of data interpretation. This requires
the combination of both signal processing and image
processing techniques. Advanced deep learning frame-
works and automated systems exhibit high accuracy and
efficiency, pushing the boundaries of GPR applications in
construction. This progress paves the way for various
applications, including underground utility detection and
structural health monitoring. Additionally, these techno-
logies enable real-time data analysis, as well as the
detection and classification of rebar diameter and
corrosion assessment in rebar.
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This research presents a framework that integrates deep
learning techniques and GPR images for the localization
and classification of diameter in reinforced concrete slabs
and columns of rebar. By combining the capabilities of
deep learning with the imaging provided by GPR, the
framework improves accuracy and efficiency in detecting
and analyzing rebar in concrete structures. It developed
an automated method to convert GPR source files into
images for data set creation, utilizing a Python script. The
research enhances the precision and efficiency of GPR
hyperbola detection and localization by implementing the
classification using the You Only Look Once version 8
(YOLO v8), a deep learning object detection model that
processes an image only once to provide bounding box
coordinates and probabilities for objects of interest [13].
The model incorporates a new backbone network as its
fundamental architecture, which allows for faster
detection and higher accuracy [14]. The proposed method
is evaluated and validated using data set of different
samples of different diameters of steel rebar, capturing
actual conditions of finishing materials such as sand,
granite, and ceramic. The developed system can be
integrated into existing building detection processes,
facilitating time and cost efficiency in construction
projects by reducing the need for manual inspection and
verification of rebar placement and diameter. These tasks
are often labor-intensive, time-consuming, and require
skilled workers. Additionally, the system provides real-
time feedback and can be integrated with several non-
destructive methods for assessing the quality of concrete
structures. This ensures that any issues are promptly
identified and addressed to prevent potential structural
failures in the future.

2 Literature review

The pursuit of NDT in construction has become
increasingly important in recent years. NDT techniques
include ultrasonic testing, thermography, ground-
penetrating radar, and eddy current testing [15]. Using
NDT in construction offers several benefits; it allows for
the early detection of structural issues [16], it provides a
more accurate assessment of structural integrity, and the
use of NDT can extend the lifespan of structures by
identifying and addressing problems before they worsen
over time [17]. Additionally, the utilization of NDT for
concrete enables comprehensive monitoring by assessing,
analyzing, and forecasting physical degradation
mechanisms and performance attributes [18].

2.1 Factors affecting ground penetrating radar signals
GPR is a popular non-destructive testing method for
identifying hidden objects due to its high efficiency,
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acceptable resolution, and easy portability [19]. The GPR
device utilizes electromagnetic wave technology and
consists of three essential components: first, the Antenna
System, which transmits and receives electromagnetic
waves into the ground; second, the Signal Processing
Unit, which analyzes the received signals to generate
subsurface images; and third, the Control/Display Unit, a
computer device that allows the user to interact with the
GPR system. This unit provides a user-friendly interface
for controlling the GPR system and visualizing the
collected data [15]. GPR uses a transmitting antenna to
send electromagnetic waves toward a targeted area. The
speed of these waves changes based on the electrical and
magnetic characteristics of the materials encountered.
Some of the energy is reflected back to the surface due to
these changes. Additionally, the interactions between
different materials within a composite significantly
influence how the waves behave as they pass through,
affecting the way energy is reflected and scattered [20].
After the receiving antenna records the reflected data, it is
transmitted to a processing unit. This processing unit
analyzes the data and applies algorithms to produce visual
results. These visual results provide a representation of
the underground structures or materials encountered by
the GPR [21]. GPR signals are affected by a combination
of technical, physical, and environmental factors, making
it challenging to accurately interpret and analyze the data.
First, technical factors effected by GPR brand and model,
coupling method, frequency, and polarization. Second,
physical factors such as rebar diameter and configuration,
surface, and overlayers. Third, environmental factors
such as moisture, chloride, and corrosion by products
[15]. Pressure and temperature are among the factors
affecting the reinforcing steel rebars, and they impact the
structural integrity and durability of reinforced concrete.
GPR can be effective in detecting subsurface anomalies
in concrete and analyzing their effects on the rebar [22].
Accurate interpretation and analysis of GPR signals
require a comprehensive understanding of these factors.
Each factor plays a crucial role in influencing the quality
and reliability of the data obtained from GPR surveys.

For instance, a sample of these factors was considered
while designing a controlled environment on specimens,
which was then followed by testing on real case studies to
validate the findings of the framework. According to a
study by Zhou et al. [2], rebar diameter and cover
thickness in concrete structures affect the GPR wave. The
study conducted experiments to investigate this
relationship. The results demonstrate a direct correlation
between decreasing rebar diameter and normalized GPR
amplitude values. Furthermore, these results show that
GPR can be a reliable, non-destructive testing method for
accurately predicting rebar diameters and estimating
cover thickness in both laboratory and field settings.
Different surfaces, like air, asphalt, concrete, rebar, or the
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bottom of a slab, reflect energy waves in different ways
because their physical properties can change the signals
that are received by GPR [23]. In addition to that, cracks,
delamination, or surface coatings, can cause variations in
the reflection and scattering of energy waves, leading to
changes in the GPR signal patterns. The impact of cracks
varies according to their size. Tesic et al. [24] found that
cracks up to 0.9 mm did not have much of an effect on
the loss of electromagnetic energy and did not make a big
difference in the GPR signal attenuation. In addition to
that, Hong et al. [25] found that the decrease in rebar
diameter and increase in corrosion induced crack width
resulted in a reduction in the amplitude of the reflected
wave. Additionally, the corrosion development caused a
decrease of approximately 2.0 in amplitude and an
increase of approximately 1.5 in the travel time of the
reflected wave. This indicates that the amplitude and
arrival time increase with the increasing height of the
corrosion product filling. Therefore, checking the crack
sizes 1is crucial for accurately assessing the rebar
diameter.

Cracks in concrete have the potential to enhance the
entry of moisture and chloride, which will consequently
change the relative conductivity and permittivity of the
concrete, which will have an impact on the attenuation of
radar signals [26]. Lachowicz and Rucka [27] find that
the presence of a large amount of water in the concrete
led to a notable reduction in the velocity of radar waves,
affecting the detection and assessment of potential issues.
These findings emphasize the importance of considering
moisture content when interpreting GPR results for
concrete structures.

2.2 Reinforcing bars identification

Integrating automated solutions into rebar recognition can
improve efficiency and reduce manual labor. Detecting
rebar in GPR pictures is challenging due to limited
contrast, low signal-to-noise ratio, and field data
complexity [28]. Kaur et al. [29] introduced a framework
for automated identification and examination of
reinforcing bars based on an autonomous bridge
inspection system equipped with a GPR sensor. The
approach utilizes a combination of machine learning
categorization, image-based gradient characteristics, and
precise curve fitting to analyze the hyperbolic signature
of rebar. The final result of comparing the framework’s
rebar region detector to a number of image-based
classification algorithms shows that the proposed
framework is precise at detection. Moreover, it was tested
on real bridge decks. Ahmed etal. [30] introduced a
multistage deep encoder-decoder network for detecting
rebar in concrete bridge deck. The model was trained on
an image data set on a per-pixel basis, where pixels
representing rebars are assigned as objective labels, while



Mostafa KHEDR et al. Deep learning approach for rebar classification

all other pixels are assigned as insignificant labels. The
study examined many architectures for the deep network
and concluded that the most effective one combined the
SegNet-MobileNet encoder with the ResNet-Xception
encoder module. Xiong and Tan [31] utilized a
comparison between different YOLO models, based on
deep learning techniques, to analyze the tie bars in GPR
images. The compared models are YOLO-V4-tiny,
YOLO v3, YOLO-v3-tiny, and YOLO-V4. The
researchers considered 2185 waves reflected from tie bars
that are distributed across 670 GPR images in the GPR
image data set, which is divided into training and
validation sets. The results demonstrate that YOLO-V4
achieves higher levels of accuracy, recall, F1-score, and
mean average precision (mAP) that corresponds to
99.2%, 99.6%, 99.4%, and 99.74%, respectively.

2.3 Automated classification of reinforcing bars

Measuring the radius of reinforcement rebar is considered
an essential step in ensuring the structural integrity and
safety of concrete structures. Various methodologies are
employed including theoretical, physical modeling and
utilizing machine learning. Chang et al. [32] proposed a
method for identifying the diameter of rebar utilizing
digital image processing techniques. The framework
depends on the quality of the reflected signal obtained
from GPR. The results of this study demonstrated that
this method can accurately estimate the radius, with an
error margin of only 7% compared to the actual size.
Furthermore, the methodology was validated in a
controlled environment rather than in an actual case
study, indicating that the model must be tested before
being applied in field work. Giannakis etal. [33]
developed a machine-learning framework that is capable
of precisely determining the diameter of the rebar under
investigation, utilizing the resolution range of the
antenna. The proposed methodology integrates neural
networks and random forest regression and has been
entirely trained using synthetic data and then tested via
actual data. Moreover, the creation of synthetic data,
which involves data simulation, plays a crucial role,
particularly when real-world data collection is limited. By
training models on simulated data from the beginning, it
can lead to better predictive performance [34]. Xiang
et al. [35] introduced a method for determining the depth
and dimensions of rebar in GPR data. First, the hyperbola
signal in the GPR data are detected by the processes of
eliminating the direct wave, reconstructing the signal, and
separating it. A database is established by utilizing a
collection of theoretical hyperbolas, which are
subsequently compared to the extracted outlines of
hyperbolas. The rebar depth and size are determined by
finding the closest match in the database. The results
demonstrated that the utilized method can effectively
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eliminate the direct wave disturbance by the GPR data
and accurately extract the outlines from the interlaced
hyperbolas. To solve the problem of setting rules for the
classification of the massive size of the data and its label
using deep learning, it is important to find the rule and
compare the data and its label. Deep learning algorithms
effectively learn and characterize input data, then make
predictions or decisions based on that learning. This
process allows the algorithm to continually improve its
performance and accuracy over time [36]. These models
have the ability to generalize well and extract complex
patterns and features from the data, making them highly
effective in solving classification problems. Additionally,
deep learning algorithms can continuously learn and
improve their classification accuracy over time as more
data are fed into the system. Liu et al. [37] introduced an
automated framework for detecting and identifying rebar
using deep learning and migration techniques. This
framework applies a time-zero correction filter for GPR
images. To remove the time delay between the
transmission and reception of the GPR signal. This
ensures that the data are aligned, and the hyperbolas are
correctly detected. Then, the trained Single Shot Detector
(SSD) model is employed to detect hyperbolas in the
GPR image and identify specific regions of interest (Rol).
The test results demonstrate that the suggested system has
a detection accuracy of 90.9%. Park et al. [38] introduced
a framework that utilizes the YOLO v3 model for
detecting rebar diameter. The model was trained on
experimental data, consisting of an acrylic box specimen
with dimensions of 80 cm % 80 cmx 50 cm and holes.
Each hole had a diameter of 31 mm and was positioned at
a height of 25 cm to enter the rebar inside it. The training
results demonstrated a decline in the loss curves of both
B-scan and migrated data, suggesting that both data sets
were effectively learned without experiencing overfitting.
The model’s performance improved over time as the
number of training rounds increased, indicating its
capacity to acquire knowledge.

3 Research methodology

GPR data interpretation requires specialized training and
expertise to accurately identify potential issues due to
errors in target recognition and poor signal-to-noise ratio,
in addition to surrounding environmental effects [39].
The proposed framework provides an approach to
integrating automated methods for creating the data and
the most recent and commonly used deep learning model,
YOLO v8, for object detection due to its efficiency in
object detection tasks and its performance in real-time
applications [40]. By automating the task, the framework
aims to enhance the accuracy and efficiency of GPR
image analysis tasks. The utilized methodology consists
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of four main stages: 1) data sets creation, 2) data
processing, 3) steel rebar detection model, and 4) model
evaluation. Figure | illustrates the relationships among
framework stages along with their designated outputs.

3.1 Data sets creation

Generating an accurate data set is a key component of
successfully training AI models. A well-defined and
balanced data set provides the model with the necessary
information for training, leading to improved
generalization and more consistent performance in real-
world applications, which directly impacts the model’s
ability to make accurate predictions across various
scenarios [41]. These improvements significantly enhance
the model’s overall effectiveness and its ability to deliver
accurate predictions across diverse situations. It is
important to note that the GPR signal is affected by
various factors, including the thickness of the concrete
layer, the size of the reinforcing bar, and the electrical
properties of the concrete surrounding the bar, such as
relative permittivity and dielectric constant [32]. The data

Datasets creation

| Design the specimen using Revit |

A 4

Create the design dataset |
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set simulates the environment that is close to the real case
and incorporates factors such as rebar diameter, rebar
case, and concrete content. In the designed specimens, the
embedded rebars are placed in locations commonly found
in real-world structures [9]. The simulated environment
allows the model to learn how these variables affect the
GPR wave patterns. Furthermore, the use of simulated
data, followed by integration with real-world data,
enhances detection efficiency, conserves resources, and
enables the model to be applied to a wider range of
scenarios and conditions due to its ability to adapt and
learn from diverse data sources [42].

The designed data set consists of three groups.

1) Group 1 consists of three simple wooden boxes with
dimensions of 1 m x 0.3 m % 0.3 m. Each box contains
embedded reinforced rebars of one diameter size (916,
18, and ©20) as depicted in Fig. 2(a).

2) Group 2 consists of wooden boxes with dimensions
of 1 m x 1 m x 0.6 m, and the box contains seven
embedded pipes, which allows for easier modification
and customization of the rebar inside it that increases the
level of complexity and trains the model in a wider range

I Scan the dataset using C-thru GPR |

GPR signals

dataset

Model evaluation

The model is applied to a case
study to evaluate its accuracy.

e g
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i
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i
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Fig.2 3D Models of designated specimens: (a) group 1; (b) group 2; (c) group 3.
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of cases. The length and width were increased to simulate
the case of a slab containing two layers of reinforcement,
upper and lower reinforcement. Moreover, it provides
more space for scanning and tracking the change of the
GPR wave at different spots. The utilized diameter sizes
are ¥12, @18, and ¥20 (Fig. 2(b)).

3) Group 3 consists of three wooden boxes with
dimensions of 0.6 m x 0.6 m x 0.3 m. Each box contains
three embedded reinforced rebars in two directions:
horizontal and vertical. The main reason for this design is
to validate the previous two groups and ensure that the
pipes in the second group do not have any effect on the
rebar. The same diameter sizes as in the second group are
used (Fig. 2(c)).

The fabrication of the three groups of specimens
involved accurately measuring and cutting the wooden
boxes to the specified dimensions. Once the boxes were
assembled, the reinforced rebars or pipes were carefully
embedded in both horizontal and vertical directions
within each box. Concrete was poured into each box to
fill it completely. The specimens were left for curing
before being scanned with GPR. Figure 3 shows the three
created groups, which are categorized as the first group,
the second group, and the third group. The C-thru handle
GPR device was used to scan the specimens. It was
calibrated for each group before scanning. Each group
was scanned in different positions. Different types of
finishing above surfaces were added to the second group,
such as granite, sand, and ceramic, to examine their effect
on the rebar diameter because of the size of the specimen,
which allowed for multiple variations in the collected
data set.

3.2 Training artificial intelligence model procedures

Training an Al model involves a sequence of organized
processes designed to help the algorithm learn and apply
patterns from data [43]. Each step is crucial in ensuring
the model’s accuracy and efficiency, from data
preprocessing to model evaluation. The quality of the
training data and the chosen hyperparameters can greatly
impact the final performance of the Al model [44].
Moreover, the choice of algorithm and the size of the
training data setalso play a significant role in
determining the success of the AI model which consists
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of five main phases: data preprocessing, feature
engineering, model evaluation, algorithm selection, and
transfer learning. It is important to continuously iterate
and fine-tune these components to achieve optimal
results. Figure 4 demonstrates the procedures for training
the Al model. An important aspect of the machine
learning process is data preprocessing. The first phase,
data processing, involves data cleaning, transforming, and
preparation. Data cleaning involves removing any
irrelevant or duplicate images, handling missing values,
and correcting inconsistencies to ensure the quality of the
data set. Additionally. Data sampling for training ensures
that the entire data are represented to avoid bias
modeling. Proper data preparation is crucial for accurate
model training and reliable results in machine learning
applications. This step helps ensure that the algorithm can
effectively learn from the data and make accurate
predictions.

Feature engineering is another crucial phase in the
machine-learning process. It involves selecting the most
relevant data features to improve the model’s perfor-
mance [45]. Common techniques used with GPR data
include image processing and signal processing
techniques. Image processing techniques can be used to
extract important features from images, such as texture,
shape, color, and highlighting the target object within the
image. Signal processing techniques can be used to filter
noise, enhance the signal-to-noise ratio, and extract
meaningful patterns from the data. Another important
aspect of feature engineering is dimensionality reduction,
which involves reducing the number of features in a data
set while retaining as much relevant information as
possible. Data augmentation is also a key component of
feature engineering. It involves generating new data
samples from suitable existing data to improve the model’
s generalization capabilities [46]. The data can be
manipulated by implementing a range of transformations,
such as cropping, rotating, and flipping. By generating
new data images through these techniques, the model can
become more robust and accurate in its predictions. This
process can help prevent overfitting and improve the
model’s performance on unseen data.

The algorithm selection phase plays a key role in
determining the success of a machine learning project.
Evaluating and comparing multiple algorithms can help

(b)

Fig. 3 Fabricated specimens groups: (a) group 1; (b) group 2; (c) group 3.
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Fig. 4 Training Al model procedure.

achieve the best possible results. In addition to choosing
the right algorithm, the size and quality of the training
data set are also important factors to consider [47].
Splitting the data into appropriate percentages is
important. Commonly used methods, such as train-test
split or cross-validation, can help ensure that the model
generalizes well to unseen data. Hyperparameters are
another critical component in machine learning, as they
determine how a model learns from the training data [47].
Train-test split is a common technique where the data set
is divided into two subsets for training and testing the
model [48]. These methods help evaluate the ability to
generalize new data and make accurate predictions. The
model evaluation phase involves analyzing evaluation
metrics, adjusting various components, and updating the
model with changes in the data or environment. The
phase helps ensure the model remains relevant and
reliable in various scenarios. After training the model and
obtaining satisfactory results, the model can be saved and
used. Transfer Learning phase is a powerful technique
that allows the knowledge gained from training one
model to be applied to another task, saving time and
resources [49]. This approach can help improve the
performance of new models by leveraging the insights
and patterns learned from previous training processes.

3.3 Data processing

3.3.1 Automate ground penetrating radar data
transformation

Converting GPR signals into images is a crucial step in

analyzing GPR data. By visualizing the signals as images
it allows for easier interpretation, comparison, and
accessibility of GPR data set [50]. The developed script
utilizes libraries from both the Python and R languages to
automate the image creation process. These libraries
include rpy2 [51] which enables seamless integration
between Python and R, NumPy [52] which is considered
a fundamental library for numerical computing in Python
that provides efficient operations and array manipulation,
matplotlib [53] that is used for data visualization.

The code is developed to carry out a number of actions
using designated functions. The first function, Data
Reading function, aims to convert raw GPR data into a
more usable and structured format for further analysis and
visualization. The second function, Data Plotting
function, plots the data to convert the representative
numbers into pixels for an image. The third function,
Data Decoding function, begins by entering the main
input file path and velocity as inputs. It then sets the
global environment for the file path and the source code
for the R code, which is stored in the variable r_source.
Next, the function utilizes the R language to extract other
data, such as traces, position, and depth. Finally, the
function checks the velocity. If provided, the function
uses it; if not, the function sets a default value. The output
is then used in the subsequent stages of data processing.
The Data decoding function aims to convert raw GPR
data into a more usable and structured format for further
analysis or visualization. It acts as an accumulation
function that leverages the functionality of the previous
two functions: data plotting and data reading functions.
The function operates by iterating through each given
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directory, reading the raw data using the reading data
function, and creating a data frame by combining the
data. The output of the scripted code is compared to the
output from the Reflexw GPR processing software by
entering the data without any modifications and
comparing the resulting images. Figure 5 illustrates this
comparison, showing images generated by both the
Python code and Reflexw software. It mainly highlights
the differences in visualization techniques. However, the
number of hyperbolas is equal in both images, which
indicates the efficiency of the code.

0

(a) (b)

Fig.5 Validation GPR data transformation: (a) image genera-
ted by Python code; (b) image generated by Reflexw.

3.3.2 Leveraging signal processing

To enhance the quality of low-resolution data, signal
processing techniques are being utilized, which offer
different advantages to facilitate result interpretation [54].
The applied approach consists of three main filtering
steps: first, applying a high-pass filter that allows only
high-frequency components to pass through while
removing all pixels below a specified range [55]. Second,
applying a median filter, which is used to replace each
pixel with the median value of its neighboring points,
makes it effective at preserving signal features while
reducing noise [56]. Third, apply the dewbow filter,
which eliminates the low-frequency vibrations generated
by electromagnetic induction and corrects low-frequency
and direct current bias in the data [57]. Figure 6 shows
the final results after applying the signal processing
system. For GPR scanning, the third group consists of a
specimen of a wooden box containing six embedded
pipes that contain reinforced rebar, and above the surface,
there is a granite cover. In the first image, the signals
were unclear and noisy due to interference from the
surrounding environment. The enhanced image has been

(@) (b)

Fig. 6 Enhanced signal processing for GPR scanning: (a)
original image; (b) signal processed image.
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included in the training data set to increase the variety of
training data.

3.3.3 Leveraging image processing

For the GPR data to increase the quality of the output, it
needs to adopt image processing techniques. The method
utilized uses nonlinear stretching techniques, which
enhance the contrast of the image and expand the range of
pixel values. Image contrast modification and color
adjustment are considered useful methods for increasing
the quality of data, thereby enhancing model robustness
[58]. The utilized method consists of two stages: first,
applying histogram equalization, which involves
equalizing a picture’s histogram by redistributing all pixel
values in the image to achieve an equal number of pixels
in each specified output grayscale class; this increases the
peak brightness values in the histogram, representing the
most populated range. Second, apply adaptive histogram
equalization, a local procedure that divides an image into
rectangular domains, calculates a histogram for each
domain, and adjusts levels to maintain consistency across
boundaries, based on the image’s nonuniformity and
interpolation of intensities [45]. The enhanced contrast
from both techniques makes the GPR hyperbola clearer
and easier to detect, as shown in Fig. 7.

3.3.4 Data augmentation

Data augmentation is a common approach used to
improve model performance. Additionally, it helps
prevent overfitting by exposing the model to a wider
range of scenarios and variations in the data [59]. To
achieve these targets, different techniques are utilized for
GPR collected data set, including both signal processing
and image processing techniques. These techniques help
to create a more diverse and comprehensive data set for
training the object detection model. By exposing the
model to a wider range of variations, it can learn to better
adapt to different scenarios and improve its accuracy in
detecting objects in real-world environments. Table 1 lists
the data set structure, which consists of two categories:
pure data and enhanced data. Pure data refers to images
generated directly from GPR scans using an automated
conversion method. On the other hand, enhanced data
consists of images that have been processed with image
and signal processing techniques to improve the visibility
of hyperbolas. This enhancement aims to increase the
number of trained images and balance the data set by
ensuring equal representation of each rebar diameter.
This, in turn, leads to more accurate model training.

3.4 Steel rebar detection model
3.4.1 Data labeling and splitting

Data labeling for object detection models is an essential
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Fig. 7 Enhancement of GPR image using histogram techniques: (a) original image; (b) applying histogram equalization; (c) applying

adoptive histogram equalization.

Table 1 Data set structure for the three groups

Enhanced data
287

Pure data

287

Rebar diameters
216
0218
020
012
016
220
0212
016
020

Group

Group 1

Group 2 141 182

Group 3 384 938

step in training the model to accurately identify and
locate objects within an image. The accurate labels are
essential for conducting supervised machine learning
because the model’s performance during operations is
directly impacted by the quality of the training data label
[60]. Data labeling for the GPR data set was mainly
performed by selecting each hyperbola and assigning it to
the corresponding rebar diameter. Data splitting is a
common technique in machine learning to divide data
into a training, testing, or validation set. In this paper, the
splitting percentage utilized was 70% of the data for
training, 20% for validation, and 10% for testing. Optimal
outcomes are achieved by allocating 20%—30% of the
data for testing and validation, and the rest (70%—80%)

for training. The increasing number of training data
points leads to more precise estimations [61]. Additio-
nally, the test set is essential for providing an unbiased
evaluation of the model’s performance on unseen data,
helping to determine its real-world effectiveness [62].
The data set is shuffled first before applying the splitting
ratio, which ensures that the model is trained on a diverse
set of examples. This helps prevent the model from
memorizing patterns specific to the order of images in the
data set. This leads to better generalization performance.
The number of test images will be increased in future
iterations of the model to evaluate its performance across
a wider range of scenarios. This will ensure model
reliability in real-world applications and utilize the
transfer learning concept when training the model on new
rebar diameter classes.

3.4.2 Model selection

To determine the best prediction for the GPR-prepared
data, a deep model comparison is conducted on a subset
of the GPR image data set, in order to utilize the optimal
object detection model for detecting rebars and
classifying each type through GPR images. Object
detection models fall into two main categories: two-stage
detector models and one-stage detector models. The two-
stage detector models first create a limited number of
possible item boxes, which are then categorized and
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adjusted. On the other hand, the one-stage detector
models identify objects by performing comprehensive
and uniform sampling across different locations, sizes,
and aspect ratios. The main advantage of the latter lies in
its outstanding computational efficiency [63]. This
research compares the Faster Region Convolutional
Neural Network (R-CNN) model from the two-stage
category and YOLO v7 and YOLO v8 from the one-stage
category. The selection process is depicted in Fig. 8. All
models were trained using the Google Colab cloud
service [64], which offers high computational power and
easy access to Graphics Processing Units (GPUs) for
accelerated training. The Colab service utilized for
training includes the T4 GPU and 12 GB of Random
Access Memory. The use of cloud computing provides
several benefits for training deep learning models,
including reduced training time and cost savings
compared to on-premise hardware. Additionally, it
enables easy scalability and flexibility.

In the first phase, a Faster R-CNN model, which builds
upon the R-CNN architecture, is utilized to extract
approximately two thousand region proposals from the
input image using a selective search algorithm. These
region proposals are then passed through a Convolutional
Neural Network (CNN) to extract features before being
classified into different classes. Then, it utilizes a massive
CNN to calculate features for each proposal. Finally, it
uses class specific linear Support Vector Machines to
classify each region [65]. The faster R-CNN model was
developed to address the speed issues of R-CNN by
introducing a Region Proposal Network. The model takes
an input image, and numerous Rols are fed into a fully
convolutional network. Each Rol is transformed into a
feature map of a specific size and then converted into a
feature vector using fully connected layers. The network
includes two output vectors for each, softmax
probabilities, and bounding-box regression offsets
specific to each class. The architecture is trained
comprehensively with a multi-task loss function [66]. The
pre-trained model Faster R-CNN is applied using
Detectron2 framework [67]. The benefits of using a pre-
trained foundation model include saving time and
resources on training a model from scratch, as well as
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leveraging the knowledge and advancements made by the
previous developers of Detectron2. Additionally, using a
pre-trained foundation model can lead to improved
accuracy and performance in object detection tasks.

In the second phase, YOLO v7 Model is selected. The
model consists of four stages, The first stage is the
backbone, which serves as the fundamental basis of the
model architecture. It is a deep CNN that extracts features
from the input image. CNNs can extract complex and
abstract properties from input images, recording
characteristics across different dimensions and degrees of
variation. This allows for more accurate detection and
classification of objects, making the backbone stage
essential for the overall performance of the model. The
second stage is the neck module, which enhances and
integrates characteristics acquired from the backbone
network at various levels of detail. The third stage is the
detection heads, which are responsible for predicting
different characteristics of the detected objects using the
features they receive from the feature pyramid. Multiple
detecting heads are used at different scales and spatial
resolutions to effectively handle objects of different sizes.
The final stage is bounding box prediction. The
prediction head for bounding boxes accurately predicts
the precise spatial coordinates of each identified object.
Then, the class probability detection head assigns a
specific class label to each detected object, indicating it as
an individual instance. It quantifies the likelihood that
each identified object belongs to a particular class [68].
This allows for accurate and efficient object detection in
images with varying scales and sizes. By combining both
bounding box prediction and class probability detection,
the model can accurately identify and classify objects in
complex scenes. The main advantage of utilizing the
YOLO v7 model is that it contains a few hyperparameters
to tune, making it easier to optimize and faster to train
compared to other object detection models. It is important
to consider the various parameters that can impact the
output of a deep learning model, including layer count,
kernel size, optimizers, filters, and batch sizes [69].

In the third phase, the YOLO v8 Model is selected,
which improves upon the architecture of the YOLO v7
model, resulting in enhanced speed and accuracy.

Explore object

y >
detection models

Select the best model

One stage models

Faster RCNN model

Perform
model evaluation

Two stage models

YOLO v7
YOLO v8

Transfer learning using
Neural Networks

Fig. 8 The object detection model selection process.
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Furthermore, it features a revolutionary Path Aggregation
Network to enhance the transmission of features and
increase context awareness. Utilization of the YOLO v§8
model enables enhanced performance and more accurate
object recognition in different computer vision
applications. Moreover, it incorporates several prediction
heads at different scales, resulting in improved detection
of objects of diverse sizes. This implementation also
presents a customized backbone that incorporates densely
coupled convolutions to enhance feature extraction and
improve accuracy [70]. YOLO v8’s architecture divided
the image into a grid of cells. Every single cell makes
predictions about bounding boxes and probabilities of
different classes. This grid approach enables the model to
effectively detect objects at various positions and sizes
within the image. The model reaches its velocity and
efficiency by directly producing bounding boxes and
class probabilities at the granularity of individual grid
cells. This grid-based approach allows for the efficient
processing of the entire image, eliminating the need for
sliding windows or regional proposals. It directly predicts
bounding boxes and class probabilities, which streamlines
the object detection process and minimizes the use of
computational resources [71].

3.4.3 Models evaluation

The performance of the object detection model is
evaluated using the Average Precision (AP) metric. The
AP metric is a widely used metric for object detection
tasks. This metric is dependent on the model’s
classification outcomes [72]. It utilizes precision—recall
metrics, accommodates numerous object categories, and
creates a positive prediction by leveraging Intersection
over Union (IoU). The factors that affect AP metric are
precision, which determines the accuracy of the model’s
positive predictions by calculating the ratio of true
positive predictions to the total number of positive
predictions made. Recall, on the other hand, measures the
accuracy of a model in properly identifying actual

Area of Overlap
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positive cases by calculating the ratio of true positive
predictions to the total number of actual positive cases.
Second, to manage multiple types of objects, object
detection models are required to accurately recognize and
determine the precise location of several categories of
objects inside an image. The AP metric addresses this
issue by determining the mean accuracy (mAP) for each
category separately and then averaging these (mAP)
values across all categories [73]. Overall, this metric
provides a thorough assessment of the model’s
capabilities [74].

Figure 9 illustrates the process of determining IoU for a
GPR image. First, the area of overlap is determined to
calculate the intersection of the detected box for
predicting reinforcement rebar hyperbola and the ground
truth bounding box, which refers to the rebar hyperbola,
Then, the union is calculated by adding the areas of both
boxes. Finally, the intersection is divided by the union to
obtain the IoU value. The IoU ranges from 0 to 1, with
higher values indicating better overlap between the
detected and ground truth bounding boxes. Moreover, it
provides a quantitative measure of how well an algorithm
is performing in terms of localization accuracy. Table 2
shows the evaluation results of Faster RCNN, YOLO v7,
and YOLO v8 models in terms of mAP at a 0.5 IoU
threshold.

344 Model deployment

After comparing three models, Faster RCNN, YOLO v7,
and YOLO v8, it is concluded that the YOLO v8 model
provides the highest accuracy. As such, YOLO v8. This
model is chosen to train the entire data set, which consists
of three classes of rebar diameter @12, @16, and ©20.The
trained data set consists of 812 images and 1407
enhanced images. The increase in the number of images
through data augmentation allows for a more robust
training process, resulting in improved accuracy and
performance of the YOLO v8 model. This comprehensive
data set enables more accurate detection and classification

Detected box

Ground truth box

Intersection over Union (IoU) =
Area of Union

Fig. 9

Detected box

Ground truth box

Ilustration of IoU.
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of the three classes. Additionally, the increased data set
size helps prevent overfitting and ensures better
generalization of the model to new data. The data set is
split into 70% for training, 20% for validation, and 10%
for testing. This division ensures that the model is trained
on a diverse range of data and is able to generalize well to
unseen examples. The model was trained for 100 epochs.
This gave the model sufficient time to learn complex
patterns and improve its performance. The model
achieves an overall accuracy of 96.6% for the three
classes. The accuracy values for rebar diameters @312,
@16, and @20 are 97.9%, 94.9%, and 97%, respectively.
Figure 10 provides examples of detected and classified
images for each class with the detected box colored
according to the class. Additionally, the percentage of
pixels correctly classified for each diameter is shown.

3.4.5 Transfer learning application on case study

Transfer learning has been extensively utilized in object
detection. It involves utilizing the network weights
obtained during training on a large and well-labeled data
set. These weights are then adjusted, or fine-tuned, for the
specific target domain [75]. Using transfer learning
provides numerous benefits, including addressing the
issue of limited data availability and eliminating the
necessity of constructing models from scratch. This can
save both time and computational resources. Furthermore,
it can improve feature extraction for the new target by
leveraging the benefits of previous training on the data
set. Using pre-trained models, transfer learning can also
lead to improved accuracy and faster convergence during
training on smaller data sets. By utilizing transfer
learning, the suggested approach not only achieves
greater computational efficiency but also outperforms

Table 2 mAP 50 for Faster RCNN, YOLO v7, and YOLO v8

Class Faster RCNN YOLO v7 YOLO v8
All 43.86% 41.90% 99.40%
016 47.29% 53.10% 99.50%
018 45.35% 36.80% 99.20%
020 38.94% 35.80% 99.50%

“““Rebar 12 ORebar 12 Rebar 12 0.82r 12Rebar 12 (

(a)
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traditional methods in accuracy [4]. During the first trial,
the deep model was trained and succeeded in predicting
and classifying between three rebar diameters, @12, 316,
and 020. One of the most commonly used reinforcement
rebars in the Egyptian market is @18. Therefore, new data
was collected specifically for this diameter from a
residential building. The deep model was then fine-tuned
using this new data to improve its accuracy in predicting
and classifying new rebar diameter. The fine-tuning
process involves adjusting the weights of the pre-trained
model to better fit the characteristics of the new data,
resulting in more precise predictions for this specific
diameter.

The newly collected data for the rebar was transformed
into images using the developed Python script, described
previously. The total number of images obtained is 197.
To enhance image clarity and increase the data set size,
the same image processing techniques were applied to the
entire data set. This approach aims to provide more
diverse training data, improve the robustness of the
model, and ensure better generalization to new, unseen
data. The new number of enhanced images obtained is
197, bringing the total number of images to 304. The new
data entered the Robflow cloud service for labeling the
data and creating a labeled data set for training the YOLO
v8 model. Then, the entire data set was used to train on
the YOLO v8 model using the same work flow mention
previously, leveraging the benefits of the previous
training process. This streamlined process allows for
efficient data labeling and model development, ultimately
improving the accuracy and performance of the rebar
detection system.

4 Results and discussions

The previous model weights for YOLO v8 are trained
again for 85 epochs with the addition of a new rebar
diameter, @18. The model is trained for four classes that
represented rebar diameters @12, @16, D18, and 320. It
accurately detects rebar and performs robustly across
various hyperbola diameters, ensuring suitability for real-
world applications. The model is able to detect ¥12 with
an accuracy of 97%, @16 with an accuracy of 95.6%,

(b) (©

Fig. 10 Final results for classified and detected rebar: (a) rebar @12; (b) rebar @16; (c) rebar B20.
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@018 with an accuracy of 98.4%, and 20 with an
accuracy of 97.9%. The overall accuracy for the four
classes is 97.2%. Table 3 lists the model’s final mAP 50
score. These results demonstrate the model’s effective-
ness in accurately identifying different reinforcement
rebar sizes. The high accuracy rates across various
diameters further validate the model’s reliability for
practical use in construction projects. To ensure the
accuracy of the results, the model is trained three
additional times to further improve its performance and
robustness in detecting rebar of different sizes in real-
world scenarios. The training used the same
hyperparameters and configuration as the first time, with
the addition of 85 epochs for the second training, 51
epochs for the third, and 51 epochs for the fourth.

Table 3 mAP 50 score for rebar detection

Classes mAP50
All 97.20%
012 97.00%
016 95.60%
018 98.40%
020 97.90%

Table 4 demonstrates the four training sessions and the
corresponding accuracy. It provides 97.2% for the first
training, 97.4% for the second, 97.6% for the third, and
97.6% for the fourth. The consistent increase in accuracy
with each training iteration demonstrates the model’s
effectiveness in detecting rebar under various conditions.
This validation process ensures the model’s reliability
and robustness for practical use.

Table 4 Epoch numbers and final results

No. of epochs Number of epochs Accuracy (mAP50)
Train 1 85 97.20%
Train 2 50 +85=135 97.40%
Train 3 175+ 51 =226 97.60%
Train 4 175 +51=226 97.60%

To ensure the model’s robustness, several metrics will
be presented, including the recall-confidence curve,
which illustrates the relationship between recall and
confidence level [76]. The recall metric indicates the
proportion of actual positive instances correctly detected
by the model [77], while the confidence level is a
predetermined score that determines whether a prediction
should be considered wvalid. Figure 11 shows the
Recall-Confidence curve for the first model training,
which demonstrates the relationship between recall and
confidence levels for @12, @16, @18, and P20 and all
classes combined. The curve highlights that as the
confidence level increases, recall decreases. This
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behavior indicates the trade-off between higher
confidence predictions and capturing more positive
instances. showcasing the model’s robustness across all
categories.
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Fig. 11 Recall-confidence curve for rebar classes.
Another important evaluation method is the

precision—recall curve, which illustrates the model’s
resilience and reliability under varied confidence
thresholds. These curves evaluate a model’s performance
by showing the trade-off between precision and recall
across different thresholds [76]. Figure 12 presents the
results of the first model training, displaying the curves
for @12, @16, D18, and @20 along with the overall mean
Average Precision of 0.972. This result highlights the
model’s high accuracy in detecting these classes. To
further assess the model’s effectiveness, the F1 score is
utilized. This metric combines precision and recall into a
single score, providing a balanced measure of the model’s
accuracy [78]. Figure 13 displays the F1 scores for the
Rebar classes from the first training.

Table 5 lists a comparison of related work using deep
models for the localization and classification of
reinforced rebar. First, Park et al. [38] utilized the YOLO
v3 model for detecting rebar diameter. The model was
trained on experimental data. The results demonstrated
the importance of considering surrounding environmental
factors in rebar detection. In addition, the training process
demonstrated the effectiveness of the chosen
hyperparameters and activation function in optimizing the
model’s performance. Second, Xiong and Tan [31]
compared different YOLO models to check their
performance on field data, finding that YOLO-V4
achieved higher levels of accuracy, recall, Fl-score, and
mean average precision on site data. Third, Liu et al. [§]
trained a SSD model to detect hyperbolas in the GPR
image and identify specific Rol. The SSD model can
accurately detect hyperbolas, even in noisy or cluttered
images. Subsequently, binarization is employed to
convert the migrated GPR data into a binary image. This



Mostafa KHEDR et al. Deep learning approach for rebar classification

1.0
0.8
= 0.6
2
2
2
04
912 0.970
016 0.956
0.2 018 0.984
— 020 0.979
— All classes 0.972 mAP@0.5
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Fig. 12 Precision—recall curve for rebar classes.

0.6
= \
0.4 ‘
012
016
0.2 218
— 220
— All classes 0.94 at 0.499
0.0 N
0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Fig. 13 Fl—confidence curve for rebar classes.

Table 5 Model comparison

Ref. Utilized model Data set type mAP
[38] YOLO v3 Experimental data 93.89%
[31] YOLO-V4 Field data 99%
[8] SSD Field and experimental data 90.90%
[79] YOLO v3 Field and experimental data 94.80%

involves thresholding the data to retain only the pixels
with the highest values. The resulting binary image
highlights the rebar response. Finally, apex localization is
used to determine the apex of the bright cluster in the
binarized image. The apex of the hyperbola is the point
where the two branches intersect. This apex information
is then used to estimate the horizontal position and depth
of the rebar. Testing demonstrated that the suggested
system has a detection accuracy of 90.9%. Fourth, Li
etal. [79] compared the YOLO v3 model to the Single
Shot Multi box Detector and found that YOLO v3
achieved higher precision, recall, and Fl-score. In
addition, they created concrete specimens to validate the
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model results. An investigation using these concrete
specimens found that 17 of the 22 estimated values
(including reinforcing bar diameter and cover thickness)
were successfully estimated, while the remaining values
had an inaccuracy of up to 2 mm. These experiments
demonstrate that the proposed method accurately
evaluates reinforcing bar diameter and cover thickness.

From the previous study, it has been noticed that the
new model architectures achieved high accuracy in
detecting complicated tasks. The improvements in the
YOLO models’ backbone architectures with each update
have enhanced both speed and performance. This balance
is essential to the YOLO framework, enabling real-time
object detection across several applications [80]. This
paper presents the YOLO v8 model, which demonstrates
cutting-edge techniques. It enhances object detection
accuracy and speed while reducing computational and
memory demands. Techniques include attention modules,
self-attention mechanisms, spatial pyramid pooling, and
deformable convolutions [81]. The YOLO v8 achieved a
high mAP of 97.60% when trained on experimental data
and then tested on real-world site data. Transfer learning
can further improve the model’s robustness when trained
on new data, leading to enhanced performance in various
real-world scenarios.

5 Conclusions

Building assessment is considered an essential step in
evaluating the safety and efficiency of buildings. One of
the main factors that are considered in the building
assessment process is validating the rebar diameter since
the reinforced steel has a great impact on the structural
integrity of the building. This involves conducting
thorough inspections of the rebars to ensure they meet the
necessary standards for strength and durability.
Additionally, the rebar diameter also plays a crucial role
in determining the load-bearing capacity of the building
as well as its ability to withstand external forces such as
earthquakes or strong winds. It is essential to accurately
detect and validate the rebars to prevent any potential
structural failures or collapses of the building. Utilizing
GPR for the assessment of rebar diameter is a highly
effective method, as it is considered a non-destructive
testing that can accurately determine the size and
condition of the rebars within the concrete structure.
Furthermore, integrating Al with GPR technology can
enhance the accuracy and efficiency of rebar detection
and analysis, providing more detailed insights into the
structural integrity of the building. This combination of
technologies can help engineers make informed decisions
regarding maintenance and repairs to ensure the safety
and longevity of the structure.

The paper proposes a framework that consists of four
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main stages: 1) data sets creation; 2) data sets processing;
3) steel rebar detection model; 4) transfer learning
application on case study. The framework mainly relied
on data from both experimental and actual site data to
validate the results. The data was converted into images
by an automated method, which was developed using
Python and R programming languages. Data augmenta-
tion methods were utilized to enhance the data set and
improve the accuracy of the model using image
processing and signal processing techniques. The
processed data was then fed into the deep learning model,
which was trained to recognize patterns in the images.
The results of the model evaluation showed a high level
of accuracy using the YOLO v8 model, with an overall
accuracy rate of 97%. The model was able to accurately
detect and classify various types of rebar. Further, the
model was trained four times to further improve its
performance and accuracy. The trained model was also
tested on unseen data to ensure its generalization
capability.

The results demonstrate the efficiency of the trained
model, which can be applied to various construction
applications. However, challenges such as significant
noise interference (e.g., electromagnetic interference
generated by the operation of equipment on construction
sites), densely distributed steel bars (e.g., in critical parts
of large-scale building structures like beams, columns,
and slabs), and complex concrete structures (e.g., multi-
layered steel bars or irregular shapes in non-standard
architectural designs) must be considered. These factors
can impact the model’s accuracy and the reliability of its
predictions, highlighting the need for ongoing refinement
and adaptation to real-world conditions. Additionally, the
presence of moisture or chloride effects on steel bars can
distort GPR waves, further complicating detection.
Furthermore, the effect of steel rebar on several concrete
structures, such as precast concrete elements, needs to be
considered to determine the impact of GPR waves on
these elements. These factors highlight the need for
further investigation and refinement in future work to
enhance the model’s performance under real-world
construction conditions. This research can be extended in
the future by considering using a diverse range of GPR
data sets from different sources and different concrete
casting techniques (Precast and Cast-in situ). Additio-
nally, the performance of the proposed model can be
compared with other emerging deep learning models.
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