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Abstract

It is one of life's true mysteries that as we develop ever more complex and powerful electronic devices,
we rarely use them to their full potential. The number of iPhone users that use their phones for voice
calls, email and photos without scratching the surface of the amazing features and tools available to
them are astounding.

Unsurprisingly, engineers and technicians suffer the same shortcomings when using their instruments
on-site to investigate concrete structures. One such instrument is the Ground Penetrating Radar (GPR).
This increasingly popular device is rarely used as more than a simple locating device. Scans are
collected and viewed with a minimalist mindset, and the results are scrawled in chalk on the structure.

We can do so much better.

This paper will investigate the emerging software processes available to GPR users. Using case studies,
we will explore such advances as. As-built steel reinforcing CAD drawings generated purely from GPR
data. Cover surveys that provide macro images of the holistic cover distribution at one glance and
concrete corrosion investigations that provide entirely non-destructive data to the user quickly and with
little preparation. Along with case studies, we will provide commentary on how artificial intelligence,
machine learning, augmented reality, and geomatics make these processes possible

Introduction

GPR is a non-destructive geophysical technique that uses electromagnetic waves to probe the concrete
subsurface. GPR data can provide information about the depth, composition, and geometry of buried
elements such as reinforcing bars, post-tensioning and cables. GPR has become very popular in the
construction industry, particularly as a scan for health and safety purposes when drilling penetrations in
slabs and walls. It also serves as a tool to check or create as-builts for structures where they are minimal
or lacking. For those familiar with concrete Non-destructive Testing (NDT), GPR is replacing
Covermeters for even simple tasks like cover mapping.

However, GPR itself is changing and evolving. Fifteen years ago, finding more than the top layer of
reinforcing was pretty difficult. Improvements in antenna quality have seen the data and interpretation
become clearer and easier in turn. Array arrangements of multiple antennas mean that data collection
has sped up. Furthermore, the processing of GPR data has improved. The user has a myriad of new
features to assist, such as onboard tagging, augmented reality, tools for sharing data and simple report-
making. But as is usually the case, users tend not to use devices to their fullest. The result is that time-
saving features and new workflows are not adopted at the rate manufacturers develop new tools.

As the future arrives, the two main development areas are assisted interpretation and improved
reporting. Considering interpretation first, there is scope for using machine-assisted picking of targets.
The two main points of interest in concrete are the reinforcing and the back walls (thickness). Work has
already started on auto-picking of reinforcing bars in GPR data; it is a post-process completed in
software once the data set has been acquired. In reporting, there is a move away from providing paper
or pdf reports that need to be subsumed to use the data in a structural project. A DXF CAD file with
features found by GPR geolocated is possible.

New Technologies

There is a lot of jargon surrounding Artificial Intelligence. Machine Learning, for instance, is a term
used without much understanding of how it differs and how it comes about.



Artificial Intelligence

Al, or artificial intelligence, is a broad field encompassing any technology or approach that aims to create
machines that can perform tasks that typically require human intelligence. It can include natural
language processing, computer vision, problem-solving, decision-making, and more. The main forms of
Al include:

e Supervised learning- systems learn from labelled examples provided by humans

e Unsupervised learning - systems learn from unlabelled data and try to find patterns

¢ Reinforcement learning -systems learn by interacting with an environment and receiving
feedback or rewards based on their actions),

e Deep learning - systems use neural networks with multiple layers to extract complex features
from data and make predictions or decisions).

The well-known tool Chat GPT for instance, is an example of Deep Learning.

Machine learning is a specific subset of Al that uses statistical techniques to enable machines to learn
from data without being explicitly programmed. Essentially, machine learning algorithms are designed
to identify patterns in data and use those patterns to make predictions or decisions. Machine learning
requires setting up hardware, creating a development environment and coding. Once the Machine
learning computer is set up with the script, the next step is to feed learning libraries and frameworks that
provide pre-built algorithms and models and tools for data manipulation and visualisation. Finally,
training data in the form of datasets can be used to train and test your machine-learning models.

Machine learning can help interpret GPR data by automating the pattern recognition and classification
process. Tools that could be developed include:

e Data can be pre-processed to remove noise and enhance features of interest.
e Feature extraction can identify relevant properties of the subsurface, such as reflection
amplitude, travel time, or phase shift.

Once the machine learning model has been trained and tested, it can automatically interpret GPR data
and identify subsurface features of interest. The model can also provide confidence scores or probability
estimates for its predictions. Overall, machine learning can help interpret GPR data by reducing the time
and effort required for manual analysis, improving the accuracy and consistency of interpretations.

Augmented Reality

AR, or augmented reality, is a technology that overlays digital information, such as images, text, or 3D
models, onto the real World. Unlike virtual reality, which creates a new digital environment, augmented
reality enhances the real-world environment by adding digital elements.

AR uses sensors, such as cameras, to capture the user's surroundings, then overlays digital information
onto that image. This can be achieved using specialised AR headsets or through the camera on a
smartphone or tablet.

AR can revolutionise many industries, including Civil Engineering and GPR data reporting, as the data
is projected onto the area it was collected from, making easy reporting, data viewing and interpretation
easy.

Case Studies

We are at the beginning of the road to having even more tools to assist our investigative work with GPR
in concrete structures. Some tools already exist in simple forms that will develop in time to encompass
a holistic to performing tasks for projects as described above.

We will subsequently use two data sets to form case studies into the state of the art in order to show
what is possible and where capabilities will be backfilled in time.

Case Study 1

A data set was collected using a GP8100 from Screening Eagle Technology. The GP8100 is an antenna
array comprising six Step Frequency Continuous Wave antenna optimised for concrete scanning up to
700mm depth. The six antennae are arranged to perform parallel scans at 50mm spacing. The location



of the data below is a floor slab in a function room in Perth, Western Australia. The floor appears to
contain two layers of conventional reinforcing as well as cables/conduits, and a floor box. The advantage
of using this specific system was that an Area Scan of approx. 3m x 3m containing 150 scans was
collected in 15min.

The Area Scan shown below in Figure 1 is immediately identifiable as a plan image of the top reinforcing
present at a depth of approximately 80mm. The image is useful and shows many features, but any
interaction with it to produce the resulting deliverable to an Engineer will require careful analysis and
painstaking written sentences or tables that would then need to be read and manually entered into a
useful format. Hence, whilst it is impressive, it is not entirely functional except for some basic
understanding of the slab's makeup and feature location.

Figure 1: Area Scan Showing Top Reinforcing in a Floor Slab

A possible path for analysis that would be necessary for a Real Life application could be extracting the
reinforcing position and spacing and presenting a CAD drawing. CAD is a form that would enable many
layers of analysis for the Engineer and could form the deliverable to the construction company required
to do work.

Augmented Reality

A mid-way step to a CAD drawing could be AR. The feature of AR that makes it so useful is that it
provides the location in an easily digested form. Figure 2a shows the Area Scan (in a different colour
palette). Figure 2b shows a 3D image of the reinforcing projected similarly.

/ Figure 2a: Area scan projected using AR Figure 2b: 3D scan projected using AR

A potential use for data presented in such a manner could be locating a penetration through the slab.
However, for an Engineer wishing to strengthen the slab or determine the suitability of the slab for more
loading, there is not enough information. Whilst the scan is located, the targets within it remain without
location.



Rebar Picking

To provide the next level of analysis, the reinforcing steel must be identified spatially within the scan.
This process step is already automated for top reinforcing using a Machine Learning model commercially
available in Insights 2.0. The process takes less than 2min. In Figure 3 we can see a basic Line Scan.
At a depth of 800mm there is a regular pattern of hyperbola which are the signature response to
reinforcing bars using GPR. The Rebar Picking process has been carried out on this Line Scan. This is
shown in the image as green triangle tags centred on each reinforcing bar response. The current
accuracy with which these targets can be tagged is 85%

Accurately manually picking these reinforcing bars may require the user to spend about 5-10min placing
each tag, carefully examining the data to ensure the location is correct. Once located, further analysis
can proceed.

Figure 3: Line Scan from Floor Data Set with Rebar Auto Picking

The current reality is that auto-picking is only possible on the top reinforcing, and so a similar parallel
scan is shown here in Figure 4 with the reinforcing manually picked. It is from this process that the next
layer is possible. However, a pathway for auto-picking and hence higher-level processing in a timelier
manner is self-evident, as demonstrated in Figure 3 with Machine Learning as the tool by which it is
achieved.

Figure 4: Line Scan from Floor Data Set with Rebar Auto Picking

CAD drawings from GPR data

Within the processing software, it is possible to view the data as a 3D model. The practical function of
the 3D image is that the scan can be rotated and viewed from any perspective. In Figure 5a we see
the top reinforcing in 3D overlaying the Area Scan directly below the projected reinforcing. In Figure 5b
we see a similar image for the bottom reinforcing.
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Figure 5a: Top reinforcing depth Area scan with  Figure 5b: Bottom reinforcing depth Area scan
projected reinforcing inserted with projected reinforcing inserted

In Figure 6 the GPR data is removed, and only the projected reinforcing is present. You may ask, "how
is this data different from what we saw in AR?" The difference is that the reinforcing bars are now
located objects, not just a picture. A good analogy would be the difference between a PDF with an
image of text and a PDF with the text identified. We can now use the text.

Depth (m) 0

Figure 6:
Whilst the images are visually appealing, moving unrecognisably from raw Line Scan data to two obvious
reinforcing mats, an Engineer would have little use for this image as a deliverable in order to make
structural decisions. Hence the last step in the process is to extract the data as a DXF file, which can
be opened in CAD, as per Figure 7.
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Figure 7: Top view of CAD image showing reinforcing and other targets



Now the Engineer has a 3D As-built plan for the slab, which is generated, importantly, from the actual
structure using GPR data. It is a "true" representation of what is present in the slab after all of the trades
(including Form-workers, Concreters, Electricians, Concrete Cutters etc.) have made necessary
changes to the slab in order for it to provide its function. Every step of the process was automated or
computer-assisted, except for identifying the targets themselves, but that step is just around the corner.

Case Study 2

The data in this second case study comes from an apartment block in South East Asia. The scans are
from a floor slab using a GP8000 from Screening Eagle Technology. The system's capabilities are
similar to that used in the previous Case Study; however, this system is single channel. The purpose of
these scans was to assess the condition of the floor slab non-destructively. Useful data for a
determination regarding the deterioration mechanism or concrete repair contractor would include:

1. Mapping the cover depth of the reinforcing- this could be used to determine a potential defect
in construction that is driving the corrosion of the reinforcing

2. Detecting potential corrosion or reinforcing deterioration using ASTM D6087- providing one
method of locating possible corrosion in a slab using GPR data

Cover Surveys

The data in Figures 8a
and 8b shows the slab
reinforcing steel in two
different views. Figure 8a
shows the standard Area
Scan which has been
discussed previously in
Case Study 1. Figure 8b
is a processed scan. The
top reinforcing has been
auto-picked using GPR
Slice. The resulting
image shown is a colour-
coded map of the cover of
the reinforcing. The green
and yellow regions show
reinforcing at more than
100mm depth. Areas of
red show reinforcing at
depths less than 100mm.

Traditionally a Cover
Survey would have been
carried out wusing a
Covermeter. The
standard method used in g -
industry would be to take 1 00

spot measurements and Figure 8a: Area Scan showing Top  Figure 8b: Corrosion Area Scan

perform statistical Reinforcing Depth showing the relative amplitude of
analysis on the data set. Top Reinforcing

No locations are recorded

for each measurement, and no image is produced. The Engineer would have a macro understanding of
the cover distribution in the slab, but they would not be able to cross-correlate the data with any other
data and confirm corrosion is occurring in a position where the cover was low. Cross-correlation or data
fusion is a quick way to establish a potential link between a phenomenon (corrosion) and a characteristic
(low cover). From there flows the cause and effect, which allows the repair specification to be written.

Corrosive Indications



ASTM D6087 was developed to analyse GPR data for potential areas of corrosion. The method by which
this analysis is performed is to examine the relative amplitude of the GPR reflection from reinforcing
identified in a scan. Through empirical study, a link between the strength of a reflection and its corrosion
state. The probable cause of this attenuation is an air gap above the bar caused by the expansive forces
when Iron Oxide is formed. The air gap will eventually cause a delamination as the crack spreads
between the bars' span and then a spall as the concrete cover layer detaches from the slab.

Figure 9a demonstrates the phenomenon. It is an individual Line scan from the dataset. The hyperbola
six reinforcing to the left of the scan are vague and non-distinct. The four to the right edge are very
distinct. There is also a substantial layer above the reinforcing in the centre of the scan, which indicates
a spall.

Figure 9a: Figure 9b:
Using automated processing, the entire data set of line scans is analysed by software. The top rebar is
picked (as with the previous cover map). The amplitude of the individual bars is recorded against the
reinforcing position. A colour scale creates a surface map of the amplitude strength. In Figure 9b, red
indicates the areas where the strength of the reinforcing bars is weakest. The blue areas are where the
reflection is strongest. The red areas are, therefore, areas of potential corrosion.

Interpretation

Comparing the images from Figure 9b and 8b, the Engineer can quickly identify regions of low cover
that correspond with potential corrosion. There are many regions of interest, but let us consider two.

e Region 1 (the area on the scan bounded by red): the cover in this region is low; there is also a
strong indication that corrosion is prevalent in this region. In isolation, it could be interpreted that
the corrosion present here results from low cover. Firstly a destructive test may be required to
confirm this. Also, these are only two data points an Engineer may consider. For instance, it
may be that there is a source of contamination, or the quality of the concrete here may be poor.
The interpretation is promising but incomplete.

e Region 2 (the area on the scan bounded by blue): images in Figure 8a show no reinforcing in
this area. Figure 8b indicates that if there is reinforcing, it is deeper than the surrounding
reinforcing. The reinforcing is likely deeper than the gated slice that is shown. Figure b shows a
very strong region of corrosion. However, in the Author's opinion, this indicates a potential
weakness in the specific methodology used in ASTM D6087. Deep reinforcing will be weaker
as the GPR signal is always weaker from deep targets. So in comparison to the surrounding
reinforcing it appears weaker, purely because it is deep. It is a potential false positive.



So the method is very fast to produce data and images that can be used for condition assessment. A
cover survey is an everyday occurrence, but Figure 8a indicates the data in a located manner. The
ASTM corrosion data gives a similar image to that produced from half-cell potentials, another regularly
used method. However, we should note that the area was tiled, so half-cell potentials would not be
possible, and the process was faster and 100% non-destructive. Overall the Engineer will consider many
forms of information when assessing the condition of a concrete element. The automaticity and speed
with which this data could be collected make it a very favourable data source.

Conclusion

We are in the midst of the 4" Industrial Revolution. Not only are our sensing capabilities improving, but
our ability to collect, process, interpret and report the results is also improving. The rate of improvement
is accelerating, and developments are occurring so rapidly that staying abreast of technology is
becoming challenging for practitioners. A driving force for this technological advancement is the
introduction of tools such as Al to process and interpret data, as well as AR for instant representation of
the results in the Real World. The idea of the static paper or document as the deliverable is being
challenged, removing multiple steps to be removed from the processes required to design and make
decisions.

This paper seeks to encapsulate the current "State of the Art" for one such sensing technology- Ground
Penetrating Radar. Through two case studies, this paper has sought to demonstrate the technology's
current capabilities, including automated processing, interpretation and new ways to deliver the
information.

¢ In Case Study 1, we found that data collected in less than 15 minutes was able to be turned into
CAD drawings with the reinforcing detail as well as other points of interest spatially located. We
examined which parts of the process are automated and which are manual. It is clear that with
the current trajectory, data of this type will be able to be generated automatically within the
foreseeable future.

e In Case Study 2, we examined a data set for the determination of the current condition of the
reinforcing. We were able to map possible areas of corrosion using ASTM D6087. The
processing has little interaction from the user. Comparison of the data allowed the Engineer to
locate and mark potential areas of corrosion from 30 minutes of data collection and 30 minutes
of processing on a PC. The literal interpretation of the targets within the data was fully
automated. It was noted that perhaps ASTM D6087 requires a step in the processing to include
the normalisation of the data to include the depth of reinforcing in the comparison of the
amplitude.

The future direction of testing is clear; the challenges remain in attaining the developments and
demonstrating the new tools that practitioners have at their fingertips already.
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