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Abstract

Critical infrastructures such as water distribution networks (WDNs) require reliable and
affordable information at a reasonable cost to address challenges that can negatively affect
their operation. Inadequate knowledge about WDN assets and their state of health presents
challenges for essential activities such as network modeling, operation, assessment, and
maintenance. This work seeks to increase the availability of WDN asset data through improved
interpretability of GPR images. The semi-automatic labeling approach presented here expands
upon existing multi-agent image-cleaning methods and feature characterization techniques.
The division of a pre-processed image, in the form of a matrix, into a grid of smaller blocks
allowed the identification of relevant features using density of nonzero values in the blocks;
this approach, conducted manually in this proof of concept, can provide a basis for training an
intelligent system (e.g., a convolutional neural network) to extract the families of interest and
eliminate noise. Thus, this research expands this methodology to advance towards automatic
detection of pipes and leaks and easily visualize the data. In this paper, 3D visualizations of
WDN assets have been created to demonstrate the usefulness of this semi-automatic process
in delivering easily-interpretable GPR data for managers and operators of WDNs.
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1 INTRODUCTION

Critical infrastructure such as water distribution networks (WDNs) present many challenges in
their construction, operation, and maintenance. Effective management of these infrastructures
requires economical, accessible, and reliable information [1] for decision-making processes.
Information on the health of WDNs supports general operation activities such as modeling,
operation, assessment, and maintenance [2] as well as resilient response to climate change [3],
increasing digitization [4], and other such advances. WDNs and other buried assets may be
difficult to assess and even locate, since manual inspection requires intensive labor and often
necessitates excavation and significant social and economic disruption and even safety risks to
carry out [5]. Minimizing the negative impacts of disrupting the WDNs and related infrastructure
(e.g., roads) is imperative [6] and calls for the incorporation of non-destructive testing methods
to gather compile data on WDN health. Thus, non-destructive testing methods have been
incorporated into the surveys to address the need for non-invasive procedures that provide
relevant information on buried assets, including WDNs, gas pipelines, and more [7]. Non-
destructive testing methods such as ground penetrating radar (GPR) are easy to deploy, but they
present several difficulties (eg., absence of consistent GPR data interpretation protocols,
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excessive noise, and heterogeneity of environmental conditions and equipment settings [8]) in
the data interpretation process.

GPR is a non-destructive testing method which is deployable in a variety of environmental
conditions (e.g., urban environments [9]) and does not require disruption in the operation of the
critical infrastructure inspected; e.g., water supplies in WDN [1]. GPR is examined in this research
as an alternative to destructive testing to obtain relevant information regarding buried assets of
WDN due to its potential to detect components (e.g., pipes) and their integrity with great detail
(e.g., pipe with water leak [10], clogged pipe [11], deteriorated pipe [12]). Among the main
advantages of the GPR as a non-destructing method, its inspection ability for successfully inspect
different pipe materials has been evidenced in several studies (see [11, 12, 13]). GPR signals are
capable of detecting materials, both metallic and non-metallic [14] (e.g., PVC, asbestos cement,
polyethylene), which are commonly used in assets of WDNs. GPR has the sensitivity to detect leaks
in the media surrounding pipes [8], and this non-destructive method also offers accurate depth
estimation and has an advantage of high resolution of up to a centimeter [15]. In the field of leak
detection, other non-destructive methods such as thermography and tracer gas are limited by
temperature, leak depth, and disruption to WDNs [16]. Furthermore, GPR is an inexpensive and
non-destructive method, and it is easy for unskilled personnel to operate. However, the raw
images produced by current GPR method require personnel with expertise to interpret them,
increasing the cost and time that this method demands for analysis, and causes human
interpretation errors [17]. While current GPR analysis requires expert interpretation, innovative
processing methods can facilitate overcome this barrier.

Reliable data about WDNs can help their managers make responsible asset management decisions
on when and how to make repairs and maintenance. Additionally, leak detection through GPR
image analysis has the potential to prevent (i.e. by favoring the detection of water leaks at early
stages) the waste of water, energy, and infrastructure [18] in those leaks that can only be
identified when damage to a road surface occurs (i.e. when leaked water is visible [19). Araw GPR
image may be used to detect and characterize a variety of subsurface assets (e.g. pipes of drinking
water [20], gas [21], among others), but it is not easily interpretable, particularly for unskilled
personnel as mentioned above. Although the raw GPR images are difficult to interpret, they
contain a wealth of data that can be processed to extract useful information [22]. The work
presented in this paper will serve managers and operators of WDNs who need accurate
information about their networks. Basic data such as size and layout of pipes as well as material,
interior build-up, leakage, and illegal connections can be detected more easily with this image
cleaning technology.

The generation of 3D models of buried assets is an important final step in GPR data analysis since
a key motivation of this work is to enhance site safety and deliver interpretable information for
any operator without expertise [23, 24]. The 3D models generated from the information obtained
after processing the GPR images can be used to feed augmented reality visualizations that can
facilitate the assets assessment process [25] in a dynamic manner. The literature has examples of
3D model generation ranging from simple raw data plotting [16] to contours created from a series
of pre-processed cross sections [8, 26]. These contours created from pre-processed cross sections
are a significant step towards interpretable GPR images; however, they rely on comparison of
initial and final states of leaking pipes to extract the relevant features and construct a 3D image.
In this work, this comparison is eliminated from the process using semi-automatic extraction of
relevant features and reconstruction of cross-sectional profiles in 3D space. The results displayed
here will demonstrate that it is possible to reconstruct 3D representations of buried pipes from a
single set of GPR data collected at a the same time period.
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2 METHODS

This section presents the treatment of GPR data proposed in this paper both for the semi-
automatic labeling of the information and its previsualization in a 3D model. The generation of 3D
models from GPR images can consist of 6 steps of which the current paper focuses particularly on
the semi-automatic labeling, through a density boundary extraction, and its subsequent 3D model
previsualization (see Figure 1). Each step of this process is described in the subsections below.
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Figure 1. Proposed semi-automatic labeling of GPR images and 3D model previsualization. a) Raw GPR
image, b) multi-agent pre-processing (vertical direction), c) multi-agent pre-processing (horizontal
direction) d) semi-automatic feature extraction, e) semi-automatic feature extraction (visualization), f) semi-
automatic labeling: density boundary, g) manual feature labeling, and f) 3D previsualization.

2.1 Raw GPR Images

GPR functions by propagating electromagnetic waves from a transmitter antenna below the
ground at a specific velocity which is related to the medium through which it travels [7]. Parts of
these waves return to a receiver antenna whenever an interface between two different media is
reached; the wave is then partly propagated to deeper layers [17]. The reflected electromagnetic
wave that is received by the receiver antenna has an amplitude proportional to the dielectric
constant of the media through which it travels; a reflection at an interface between two materials
correspond to a change in wave amplitude [22]. Thus, a raw GPR image, or radargram, contains a
record of all the wave amplitudes recorded by a receiver in a matrix, 4, of size m by n, where m
represents the total two-way travel time of all the received signal of each trace (i = 1, ..., m) and
n corresponds to the total of traces captured (j = 1, ..., n) with the survey (see Figure 1). A naked
eye is unlikely to detect a hyperbola in a radargram, making these images difficult to interpret
without processing.

2.2 Pre-Processing

[27] developed a multi-agent algorithm called “agent race” based on game theory to reduce the
dimensionality of matrix A and prepare it for feature detection. This multi-agent algorithm pre-
processes the radargram based on wave amplitudes intensity, as shown in Figure 2. The result of
this algorithm is an m1 X n matrix (see Figure 2, Output 1), where the key features are registered
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as movements of the agents in each j trace, and m1 represents the maximum total of movements
obtained by the agent winner of the competition.
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Figure 2. Agent race algorithm process. Adapted from [10].

The uses of the multi-agent pre-processing described above can generate groups (families), that
contain features (in the form of functions) that specifically represent noise, horizontal lines, and
objects (Figure 1, insets b and c). According to [28], agents run their moves on the rows of the A
matrix (see the output in Figure 1c) and not on the columns (as it originally designed, see the
output in Figure 1b) the removal of families that contain horizontal lines from these GPR images
can be obtained. This removal was completed in [28] and [29] with the incorporation of noise
removal through the use of perceptron neural network. In these studies, the geometric properties
of the generated groups were used both to label (Area) and as a key feature for classification (X
component of the centroid) of them (see Figure 1d).

Separating the noise and horizontal lines from the raw GPR images allows further analysis to
detect features of interest in the objects group without the hindrance of noise and horizontal lines.
This can be observed by comparing the raw GPR image (Figure 1a) with the resulting
preprocessed image, A’ matrix (Figure 1e). The m X n matrix A’ (pre-processed image), consists
of 0 and 1 values, where nonzero values indicate a feature of the target objects.

2.3 Semi-Automatic Labeling and Refinement

Labeling is an essential task in machine learning, in particular when the classification is conducted
via supervised learning. This pre-preprocessing activity is conducted on various occasions
manually as a preamble for the classification (via machine learning methods) of the embedded
objects into the GPR images (e.g., subsoil background [20], metallic and no- metallic pipes [31],
among others). In order to reduce the dependency on personnel with high experience in
interpreting GPR images and minimize the human errors that the manual labeling can generate,
the analysis of densities is proposed as an alternative in this paper. In this sense, the GPR images
cleaned by both the agents and the perceptron (see Section 2.2.), that had horizontal lines and
noise removed, were used in this section as the starting point for the semi-automatic labeling
proposal and to generate images that can be more easily interpreted.

Families of functions that represent embedded objects (e.g., pipe objects) were preserved in A’
matrix. These families contain additional information about the objects beyond the initial
hyperbola identification that is commonly used to label the objects embedded into the GPR images
[10, 32]. However, many of these families exist in the images and further analysis is necessary to
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extract and classify those families of interest. In order to locate the features of interest, the
proposed density analysis can be formulated as in equation (1) [19].
iYir+1 JXjre1

Bir,jr =2 > (

Wir  JXjr

a,(iYir,iYirﬂ],(J'xjr,jxjrﬂ] ) (1)
((Yir+1 — Wi + 1)(/xjr+1 _jxjr +1)

In there, the pre-processed images in A’ were further processed by dividing them into a grid of
blocks (a’;y, jx) with size iy = {1: ml—;l :m} (the step in y-axis) by jx = {1: % :n} (the step x-axis).

Where ly and lx represents the dimension of the new matrix, B, generated for the blocks. Each
block in B consists of ir ={1,...,ly} e N={1,2,3..} and jr={1,..,Ix} e N={1,23...}. In
essence, B represents the density calculation of nonzero values, from A’, in each grid block. Figure
3 presents an example of a grid of 75 X 75 blocks which represents the subdivision of matrix A’
(inset a) and the density of each block in a color scale (inset b).

Figure 3. Generation of the density matrix B. a) Grid of 75 X 75 blocks (ly = lx = 75) for A’ matrix and, b)
the respective densities; matrix B.

The example presented in Figure 3 corresponds to a GPR image of a pipe buried in a wooden tank
to emulate the phenomena of water leaks. More detailed information is presented in Section 3.
Figure 3b the hyperbola in the center of the image corresponds to the pipe itself, and is the most
dense part of the figure. This detection of the hyperbola by the density method proposed herein,
in addition to the highlighting of the tank reflections on the sides, shows the use of density as a
useful tool for extracting features from GPR images.

Matrix B can be rescaled to the dimension of the original matrix A’ (i.e., from size of ly X lx to size
of m X n). Based on the observation of the densities generated by the object in the resulting matrix
B (resized), it is proposed to iteratively determine a density threshold for each object. This
thresholding generates groups that are captured by using the Matlab’s bwboundaries function.
In this work, we have selected the boundary of the group with the largest area as a representative
element of the desired object to be extracted.

This extraction process can be used to label certain and particular objects of the GPR image in
order to feed more robust classification processes. Likewise, these labels can be used to refine the
pre-processing process presented above. This will allow the inclusion of new parameters to be
considered, among other advantages. In addition, it is already possible to preview these images in
3D models as a preamble to automatic visualizations and it is in this sense that we will discuss
about this process in Section 3.
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3 CASESTUDY

In this section, we present both the application of the proposed GPR image labeling procedure and
its results through 3D reconstructions. To do this, we have used as a case study the work
presented in [10], where GPR images of a pipe leaking water were collected (at different stages of
maturity of the phenomena) in a laboratory set up, depicted in Figure 4. In this configuration, a
PVC pipe with diameter 100 mm and length of 0.95 m with one hole drilled to mimic a leak in the
pipe and two points water input (WI) and water output (WO) was buried in dry soil in a wood
tank (with size of 1.0 m x 1.0 m x 0.70 m). The tank was covered in a polypropylene plate with
eleven paths parallel to the X-axis (transversal paths) and eleven paths parallel to the Y-axis
(longitudinal paths), each path spaced 0.10 m from the next. A GPR (with a central frequency of
1.5 GHz) was run over each path as shown in Figure 4c, s5. Two samples of each of the 22 profiles
were taken, one set without water in the setup and one set with water in the pipe and leakage
around it. These two sets of samples are referred to as without water and with water, respectively.

location of pipe Wl or
P
drilled hole = projection WG

a) b) )
Figure 4. Tank configuration (from [10]).

Density-boundary analysis. By using the density boundary procedure described in Section 2.3
and adjusting the number of blocks (both ly and Ix) and density threshold, the pipe reflections
were removed from transverse images to capture the boundary of the relevant feature (pipe, leak
or tank reflection). Figure 5a shows a transversal profile, as an example, in which the boundary
includes both the pipe and the tank reflections. Figure 5b shows how removing the tank
reflections on the periphery of the central hyperbola allowed the pipe boundary to be captured.

a) b)

Figure 5. Example of the labelling of the pipe in Profile 11 (s11) with the use of density-boundary process.
a) before peripheral tank reflection removal and, b) after peripheral tank reflection removal.

The step and the density affect the resolution with which the boundaries of the features will be
traced. The y blocks (ly) and x blocks (Ix) the required density to locate the relevant features in
each profile were adjusted manually in order to determine the optimal values for each parameter.
The adjustments to these parameters ensured that the boundary of the relevant feature would be
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as accurate as possible. For example, Figure 6 shows how increasing the x and y blocks from 40
(Figure 6a) to 100 (Figure 6b) increases the precision of the boundary.

a) b)
Figure 6. Profile 11, a) ly = lx = 40 and, b) ly = lx = 100.

Some images contained spots of noise that would be included in the boundary if the required
density of the feature was low (close to a value of 0); increasing the density would skip over this
noise. In addition, a very high density (close to a value of 1) would skip over relevant parts of the
desired boundary. Figure 7 illustrates the results for three density values.

a) b) c)
Figure 7. Profile 11, a) density threshold=0.1 b) density threshold=0.4 and, c) density threshold=0.8.

For the profiles taken without water, the only boundaries identified were the tank reflection and
the pipe.

Preliminary classification. The three main classes of objects in the profiles are tank reflection,
pipe, and leak. It should be noted that in longitudinal profiles (s12-s22), pipes are represented as
horizontal lines, and thus are removed in the pre-processing stage. As a result, no pipe classes
exist in the longitudinal profiles. These classes were identified for each boundary in order to
produce a clear 3D image. For the profiles taken with water into the system, boundaries obtained
fell into five classes:

Pipe,

Leak,

Pipe+leak (this due to difficulty in separating the two in one of the profiles),

Tank reflection,

Tank reflection+ leak (this due to difficulty in separating the two in one of the profiles).

The process of identifying boundaries based on determining an appropriate grid size and density
threshold was conducted on transversal profiles (s1-s11). For the case of the system with water,
the boundaries obtained for s1-s11 are displayed in Figure 8.
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Figure 8. Boundary of pipe/pipe+leak for each transversal profile.

In Figure 8, the inlet and outlet for the system with water can be seen as peaks in the first and last
profile. In [10], these peaks at the inlet (Figure 9a) and outlet (Figure 9k) are also observed in the
images obtained through initial/final (without/with water into the system) image contrast. The
capacity to identify the boundaries of the objects embedded into the GPR images without the
requirement of a reference image to contrast, is one of the main virtues of the system proposed in

this paper.

samples

samples

samples

D08

Figure 9. Images obtained using contrasts between initial and final states for transversal images (from [10]).

3D Image Construction. After the boundaries of these features were obtained, they were plotted
in 3D space. The interp?2 function in Matlab was used to interpolate between 2D profiles. The
known distance from the tank edge was inserted as X (for longitudinal) and Y (for transversal)
coordinates. These distances are based on the GPR operator’s selection of surface lines along
which to take profile data. The interpolation between the boundaries of each profile without and
with leakage in the transversal direction yielded the results in Figure 10(insets a and b;
respectively).
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Figure 10. 3D reconstruction of pipe and leak for a) without water and b) with water into the system.

The pipe and leakage are clearly visible in the 3D image. The pipe/leakage representation in the
transversal direction (gray) extends laterally past the leakage from the longitudinal direction
(blue) in a few points as a result of the leakage from the longitudinal direction being difficult to
capture in several profiles due to comprising disconnected shapes. For example, Figure 11
displays spots that represent the leak, that were not dense enough to be captured as one unit.

Figure 11. Profile 20, with tank reflection outlined by the boundary and leaks faintly represented.

Figure 12 presents the success in outlining the tank reflections in the longitudinal direction by
means of the proposed semi-automatic labeling process. Outlining these reflections was useful to
characterize their shape in the pre-processed GPR images, and may allow conversion to their real
shape (a box]) in the future.
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1000 1000

Figure 12. Representation of pipe and tank reflections for the system without water.

A few difficulties arose in the reconstruction of the 3D images from GPR data. For example, the
sizes of the radargram matrix A for each profile had the same n dimension and varying m
dimensions. This variation was due to the speed at which the GPR was run along the profile, taking
a 120 traces/second, regardless of the total distance covered. This resulted in the first 3D
reconstructions being askew. This problem was remedied by incorporating the estimated spatial
coordinates for each trace in the analysis. However, the interpolation used in this reconstruction
resulted in some inaccuracies due to the number of points in each cross section. For example, the
interpolation between profiles 4 and 5 resulted in the constriction of the diameter of the profile
as shown in Figure 13. This discrepancy in the interpolation may be resolved through the use of
another interpolation function that will be tested in future work.

Figure 13. Transversal 3D image in Y-Z plane.

4 CONCLUSIONS

This approach to 3D image construction from GPR data began with a radargram matrix of the raw
GPR data that was pre-processed using multi-agent techniques. The semi-automatic labeling of
relevant features was conducted manually on the pre-processed images using the numerical
approach of assessing the density of nonzero values in the pre-processed matrix. By extracting
desired boundaries manually and plotting these, the need for initial/final state comparison was
eliminated. Basic identification of classes was also possible due to the manual extraction and
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classification of boundaries. This semi-automatic approach to labeling through density of grid
blocks, as explained, offers a potential pathway to machine learning.
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