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In this paper, a ground penetrating radar (GPR) is used as a non-destructive
method to assess the buried elements of water supply systems (WSSs). The aim
is the detection of various pipe materials (such as plastic and metallic, among
others), and the identification of other important aspects (e.g. water leakage).
This work seeks to use the visualization advantages of the subsoil
characteristics provided by pre-processed GPR images. These features, which
are represented as anomalies into the images, are extracted and merged to
generate 3D models. The 3D representations obtained facilitate elucidation by
personnel non-highly skilful in the interpretation of data from non-destructive
techniques. The work is performed on GPR images of WSS pipes taken from
strategic locations of urban environments. The goal is to promote the use of
these technologies in the WSSs intended to generate relevant information that
allows the adequate and dynamic technical management of these systems. The
results and analyses are presented in this paper.

Keywords: GPR image interpretations, ground penetrating radar, non-
destructive methods, urban environments, Water supply systems elements

Introduction

Knowledge of the layout and the characteristics (condition, age, for
example) of the components (pipes, valves, etc.) of water supply systems
(WSSs) is essential for the efficient and dynamic management of these
systems. This knowledge is crucial to achieving such objectives of the
technical management of WSSs as: identification of illegal connections, leak
detection and water control, simulation and operation of networks, study of the
evolution of pollutants in networks, maintenance planning, rehabilitation and
renovation of WSS components, among others. This way non-destructive
methods become important in the inspection of components of WSSs, seeking
to minimize the social and economic impacts derived from most commonly
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used methods (e.g., excavation). Selection of the ground penetrating radar
(GPR) in this paper was carried out after considering its characteristics as a
non-destructive method to detect layouts and characteristics of metallic and
non-metallic pipe materials. Additionally, this method allows the recognition
of other characteristics of WSSs, such as water leaks (Ayala-Cabrera et al.,
2013b).

The evaluation of GPR tests using 3D analysis for the detection of objects
is a fairly common activity in various fields. For example, let us quote
detection of landmines (Dyana et al., 2012); and visualization of stratified
archaeological excavations (Pefia and Teixido, 2013), and prehistoric
archaeological features (Zhao et al., 2015); and detection of tree roots and root
biomass estimation (Zhu et al., 2014). In civil engineering we also find various
examples, such as calibration of measurements in bridges (Heikkild et al.,
2010), and assessment of bridge decks (Varnavina et al., 2015), among others.
Other interesting works of varied nature have also used GPR images and 3D
analysis; among these, it is worthwhile quoting the retracing of natural river
courses (Slowik, 2013) the alluvial fan studies (Franke et al., 2015), and the
interesting uses in humanitarian assistance and security (Nunez-Nieto et al.,
2015). In these scenarios, volumes, on which profiles are taken, either in depth
or surface layers, are built. Subsequently, interpretations on these volumes or
profiles are performed, eventually producing reconstruction. However, this
process is complex and adds, to the already considerable difficulty of
interpretation, the computational cost of managing the large amount of data
usually produced by GPR surveys. In this paper, we perform interpretations
directly on the profiles captured and, subsequently, generate 3D models. This
seeks to simplify the process of building the interpretations of GPR, reducing
the change of dimensions and determining it as a mapping from 2D to 3D. This
requires the pre-processing of the data and two subsequent additional processes
of information management. The results of both processes are combined in a
single picture, thus bounding the space to interpret each image. The aim is to
favor the selection and removal of objects that will be represented by 3D
models.

The main contribution of this work is to evaluate the feasibility of
generating 3D models from GPR images in urban environments. We thus stress
the importance of advancing research into automatic GPR image interpretation.
This tries to promote the understanding of soil characteristics evaluated by
personnel not highly qualified in the use of non-destructive techniques.

Proposed Methodology for GRP Image Interpretations

The GPR operation is based on the emission of electromagnetic pulses
from the soil surface propagating therein and reflected in the discontinuities
found in the trajectories. The response of the medium to the signals, captured at
certain times, is called trace. The trace shows the -electromagnetic
characteristics of the medium. The successive accumulation of these traces
generates the so-called radargrams. The visualization of these radargrams is
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usually performed by applying colour scales (typically grey-scale), thus
generating GPR images. This last point is of particular interest here, because
our analysis is performed by taking this classification as the starting point. The
analysis in this section is based on the temporal variable. Firstly, the peak (both
maximum and minimum) values of the generated waves contained in the GPR
Images are extracted. Then, the tendency of each trace is studied and the time
average value between peak and peak is recorded. The basic principle is that,
assuming the soil is homogeneous, the successive peaks are in correspondence.
However, it should be noted that, although the material is homogeneous, in
reality the measured values are different although very close together. In this
way, too different values point to anomalies.

The pre-process of the GPR images used in this document was first
proposed by (Ayala-Cabrera et al., 2013a) and was called race of agents. The
algorithm is based on the game theory and uses the multi-agent paradigm
(Shoham and Leyton-Brown, 2009). The input to this algorithm is the resultant
radargram of the GPR survey, which consists of a matrix of the size m x n. The
n traces generated in the survey are used in this work as parallel tracks for the n
agents to run. The race is a test of endurance for the agents. The prize for each
agent is a move forward for every effort performed. Efforts are based on wave
amplitude values in each column of the matrix (radargram). The race consists
of two phases: a) warming-up and b) competition. The race take a time t = tw +
tr = m, where tw is the warming-up time and tr the competition time. The
movements of the agents in tr are conditioned by the reversal of the wave
amplitude on the run trace. The race ends when time t has elapsed. The winner
is the agent that gets the largest displacement during this time. The output
(Outputl) of this process is an array of size n x ml where m1 = maximum
number of movements. The missing values of the rest of the agents are filled
with the maximum value of t (512 in this study) to complete the matrix. The
columns of this matrix describe the motion of the agents in the competition. In
this paper, we call timelines to the movements made by the agents. This pre-
processing work demarcates two spaces, the original space and the pre-
processed space. The first one is characterized by the size of the matrix of raw
data (m x n). The second, in its turn, is characterized by the size of Outputl
(m1 x n). The study presented in this paper takes the matrix obtained from the
pre-process and combines the properties of the data contained in both spaces
(original and pre-processed). To this purpose we propose two scrutiny
processes for such data. The first process relates the timeline data in the pre-
processed space. The second process projects data into the original space and
determines whether the relationship with its neighbours is based or not on
horizontal straight lines, classifying their findings as O for data forming straight
horizontal lines, and 1 otherwise. After both processes, the results are
conjugated in the pre-processed space. The interpretation of the obtained
images is the basis for selecting the data to be displayed in 3D. These processes
are described next.
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Process 1

After obtaining the matrices that contain the captured peak times in each
track (Outputl), these times (obtained by the agents during the competition) are
ordered decreasingly. These time values are numbered consecutively starting
by 1, and an identical order is assigned to the same time values. These
timelines are then normalized, thus obtaining Output2. The summary of
process 1 is presented in Figure 1.

Figure 1. Algorithm Scheme for the Race of Agents; Generation of Outputl
and Output2
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This procedure enables the reduction of the widening gap in the time
among the rows thus emphasizing abnormalities in raw images which are very
small and very difficult to observe. However, care must be taken with this
regularization, because, though abnormalities are highlighted, the intensity of
them is determined according to the prospected field in each profile, and the
procedure can generate visual errors for interpretation. But even in if this event,
form-based interpretation defines areas of interest that facilitate more complex
analyses.

Process 2

This process is based on the elimination of the horizontal straight lines of
the pre-processed GPR images (Ayala-Cabrera et al., 2011a). Considering that
the image is composed by combining different forms, it is suggested that the
absence of variation of the wave amplitude horizontally corresponds to the
absence of pipes. This is because pipes are represented in the form of
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hyperbolas in radargrams. This method takes as an input the radargram
obtained from the survey (raw matrix, Figure 2a) and consists of three stages:
a) binarization, b) segmentation and cleaning c) refining. This method uses a
transformation of the raw matrix in two images (T14 and T15) containing the
maximum and minimum peaks of the waves in each trace (Ayala-Cabrera et
al., 2011b). The use of these two matrices requires carrying out steps 1 and 3 of
the method. In this paper we propose to replace these matrices with Outputl
(see Figure 2d). Since the principle of the analysis in both cases is similar (max
and min wave peaks), this change reduces the number of steps of the
elimination method of the horizontal straight lines. Thus, in this case, we only
perform step 2 (segmentation and cleaning).

Segmentation is the process of dividing images, whose pixels have similar
attributes, into regions or objects. Each segmented region usually has a
meaning within the image, the aim being to simplify and / or change the
representation of an image into another image more significant and easier to
analyse. Hough’s transform, belonging to the set of segmentation techniques
(techniques based on the border), is used in process 2 to detect horizontal lines
and then classify them as likely to be eliminated in the image (cleaning). The
amount of points that make up each line and its characteristics for removal and
application of each step are determined in the iterative tests leading to reach a
stable configuration that allowed identifying and removing of implausible
location zones of the desired pipe in the picture (Ayala-Cabrera et al., 2011a).
The cleaning and segmentation stage was addressed in three steps: a) edge
detection, b) horizontal line detection and c) line removal. After having
replaced matrices T14 and T15 with Outputl, the first step of this phase (edge
detection) becomes unnecessary. However at this point, we have projected the
data contained in the Outputl into the original space (see Figure 2b). This data
projection feeds step 2. In this step, projected data in the original space are
transferred to the Hough parametric space in order to detect just horizontal
straight lines. In the third step, data that make up the detected horizontal
straight lines are classified as 0 (data subject to elimination) and the remaining
data (data not belonging to any horizontal straight lines) are classified as 1,
both in the original space (see Figure 2c¢) and the pre-process space (see Figure
2e). We call Output 3 the matrix obtained from the classification of lines and
no-lines in the pre-processed space by the Hough transform.
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Figure 2. Generation of Output3 — Segmentation and Cleaning; (a)
Radargram, (b) and (d) Outputl, (c) and (e) Classification of Horizontal
Straight Lines and No-lines; (e) Output3
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Output3 (Figure 2e) shows the area affected by the various objects that
may be contained in the prospected area. This shadow centres the focus of
interpretations.

Conjunction of Processes 1 and 2

After performing the two processes, data are combined to obtain a
conjugate image of the two spaces by means of {(Output2 + U) © Output3}
(see Figure 3e), where U is the matrix with all its entries equal to 1 and @ is the
matrix Hadamard product. The idea of adding 1 to each entry of Output2 is
intended to generate a suitable data classification, since values lower than 1
have no interest in the analysis, while values greater than or equal to 1 are
worth analysing. This conjugate image delimits the space thus minimizing any
possible confusion that can arise in Output2 (Figure 3c). In this paper we use
boxes containing the object of interest (black box, Figure 3c and 3e). The data
contained in this box are projected in the original space (Figure 3b) to observe
what these shapes represent in that space. Although boxes are used in this
work, one may notice that a more detailed study of borders enables to define
more precisely the characteristics of different objects in GPR images.
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Figure 3. Generation of the Conjugate Image; (a) Radargram, (b) Projection
of the Conjugate Image onto the Original Space of Selected Data, (c) Output2
+ U, (d) Output3, and (e) Conjugate Image

1

A

samples

samples
|
gy

original space

c
traces traces

timelines
pre-processing space

c c
agents agents agents

c) d) e)

Case Study

This section presents the configuration data collection for the case study,
which corresponds to a WSS urban environment. The interest of this study area
lies in the complexity of the analysis of the profiles obtained with GPR, since
the buried pipe in this section presents two pipe materials (PVC and cast iron).
This was eventually verified by excavation. The roadway material is asphalt
concrete. The pipeline has a nominal diameter of 150 mm (for both materials)
and a depth of 0.75 m (+ 0.05 m). The captured profile configuration with the
GPR is shown in Figure 4. Two measuring meshes, with a spacing of 0.50 m
were designed. The first one comprises the area that contains the pipe and
measures 2.0 m x 2.0 m. The second measuring mesh was further conducted to
observe the response of the passage of the GPR through a manhole and
measures 1.0 m x 1.0 m. A total of 16 profiles noted {p1, ..., p16}, 10 for zone
1 {p1, ..., p10} and 6 for zone 2 {p11, ..., p16} (see Figure 4,b) were captured.
It should be mentioned that each profile was captured 0.25 m before and 0.25
m after the mesh, approximately.
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Figure 4. Layout of the Field Test
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The interest of zone 2 lies in its proximity to the sought pipe, as it is
expected to generate interferences, given the measurement characteristics, thus
hindering image interpretation. Additionally, inspecting zone 2 will enable to
evaluate the possibility of identifying different objects close to the pipes. These
objects are of interest to other systems, as in this case study, regarding
wastewater and / or rainwater collection systems. The interest for such systems
on detecting these manholes is that sometimes, after the re-pavement of
driveways, enhancement of manholes necks is overlooked, thus accidentally
closing them down. As a result, the location of these manholes is lost.

The GPR equipment used corresponds to a commercial monostatic antenna
with a centre frequency of 400 MHz. The equipment parameters correspond to
120 traces / s, 512 samples / trace and 20 ns / 512 samples. The metric of the
obtained traces was performed using pulses marked by the operator, when
crossing the grid lines perpendicular to the trace. These marks were used to
resize the GPR images. Resizing meets a criterion, namely the minimum
number of traces enabling to observe objects in the conjugate images. This
criterion was achieved after multiple iterations with 1trace / cm.

Interpretation

In this section we show the results of the interpretations of the most
interesting profiles. Although all the profiles were interpreted and used for 3D
rendering, the selected profiles used to display the results are: pl, which cuts
transversally the PVC pipe; p2, which cuts transversally the cast iron pipe and
is closest to the point of change of material; p12 and p15, the profiles cutting
the manhole in its entirety. In Figure 5, the conjugated images for these profiles
are presented.
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Figure 5. Conjugate Image. (a) p1, (b) p2, (c) p12y (d) p15

1

timelines
timelines

timelines
timelines

agents

agents

c) d)

In Figure 5 (a and b) some similarity between the images is observed: one
area with high intensity (towards the left) and another with a low intensity (to
the right). Two black arrows point to two additional contours that could
represent the pipe, while they are not in the area in which we have identified
the pipe (black box). The contour pointed by the upper arrow was discarded by
observing that it only represents half of a circle and after contrasting with
Figure 6 (a and b) respectively, not significantly demarcating a deformation.
For the contour marked by the lower arrow only the second criterion was
considered. As a result, the two contours pointed by the arrows were
considered as characteristics which help demarcate the pipe, which is contained
in the box.

In Figure 5 (c and d), the selected profiles are mutually perpendicular but
show great symmetry demarcating three zones of interest. The first one (box to
the left of each image) and third (box to the right of each image) show the
manhole walls. The second (central box of each image) shows the manhole,
including the lid. In Figure 6, projected in the original space, the boxes selected
for profiles (blue dots) and the remaining data (black dots) in Figure 5 are
presented.
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Figure 6. Projection on the Original Space of Data from the Selected Boxes;
(@) p1, (b) p2, (c) p12,y (d) p15
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In Figure 6 (a and b), it can be seen that the selected areas are composed of
a family of hyperbolas. The first hyperbola, in both cases, has its focus below
the curve. In both cases, the focus moves for the various curves, until it is
positioned above the curve (last curve). We note that the focus shift (from
being on top to get below) occurs at the same depth for both images. This
change in position of the foci may represent the centre of the pipe. It is also
noted that the number of curves that make up every form is higher in part b of
the figure, than in part a, which is obviously explained by the change of
material, due to the fact that the passage of the signal and its response through
plastics is captured less frequently than that for metallic materials.

In parts ¢ and d of Figure 6 we note that the selected areas are formed by
areas which could be mistaken with features of the previous two parts of the
figure. However, it can be noted that these features, in any of the frames
selected in ¢ and d of Figure 5, demarcate contours such as circles, ellipses,
etc., as is the case of pipes, which enables to set another criterion for object
discrimination.

Mesh and 3D Model Generation

Once all captured GPR profiles have been evaluated, and boxes of interest
have been drawn and projected into the original space, they are spatially
positioned. The obtained boxes are treated separately for 3D reconstruction.
The boxes are classified into 3 groups. The first major group contains data
boxes that are interpreted as a pipe. The second group contains all the data in
the boxes that are classified as parts of the manhole. The latter group, in turn,
contains only the data from the central square corresponding to profiles p12
and pl15. These three groups are treated separately, each generating a mesh
system. The meshes generated in this study were constructed by the so-called
Delaunay triangulation. Delaunay triangulation has become a de facto standard
for building meshes in different domains (Dey et al., 2012; Liu et al., 2010).
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For this reason we use this triangulation to relate to the contours obtained. We
justify this by the fact that the main contribution of this work is to evaluate the
feasibility of constructing 3D models from GPR images, taken in urban
environments.

The 3D assembly of the two objects of interest obtained in this case study
Is presented in Figure 7.

Figure 7. 3D Reconstruction; Case Study
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In Figure 7 we can see that it is possible to reconstruct a 3D model from
the images obtained by the GPR. It can also be seen that, in addition to the
installed pipe, the boundary conditions surrounding the pipe can be
reconstructed. We also note that the GPR interpretations, although not exactly
corresponding to the real dimensions, give a clear idea of buried pipes and their
status. It is thus possible to reconstruct such complex piping materials (in terms
of visualization by non-destructive methods) as plastics.

The deformation of the pipe and the inner contour of the tank is a result of
the signal passing through each material. We can therefore advance in the
study of how signal-ground interactions occur, thus helping resize and classify
them. However, the 3D model, by itself, can help build an idea of the buried
objects. All this also has the advantage of having used non-destructive
methods, such as GPR, to capture information. In Figure 7 we have further
shown how the initial position gave a displacement of 0.15 m into the manhole
with respect to the measured field. This displacement, being equal in all
profiles, is considered a measurement error of the metric. This is reasonable,
given that the characteristics of the measurement system used (through pulses),
taking into account that the marks have been made by the operators, thus
adding non negligible uncertainty.

In Figure 8 some 3D views of the representation obtained for the case
study are presented. The selection of the views is not accidental but motivated
for the fact that hydraulic simulations in WSSs are performed by simplifying
the plan view (Figure 8a); this view, in turn, includes properties such as depth
and length, among others, from other front and side views (Figure 8b and 8c).
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Figure 8. Various Views for the 3D Representation of the Case Study: (a) Top
View, (b) Right Side View, (c) Back View and (d) Location of Viewpoints
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Conclusions

This paper has addressed an urban case study, which poses great difficulty
given its characteristics. This case has shown the feasibility of obtaining, using
non-destructive methods (GPR in this case), 3D representations that facilitate
the understanding of the studied areas. This case study has shown that it is
feasible to identify pipes of different materials in GPR images (zone 1). The
second zone, in contrast, has enabled to observe the influence of objects (in this
case a manhole) on the visualization of the pipes, which is the main goal in this
paper. We have seen that it is possible to recognize and identify not only the
pipes but also those objects. The study has also raised the need to evaluate
more reliable systems for spatial location, able to suitably locate the objects
analysed while avoiding uncertainty. Such is the case of the displaced position
of the pipe relative to the measurement location in the field. The work
presented in this document enables us to see how objects are grouped vertically
as families of curves, which are not straight horizontal lines within the images.
Furthermore, the first curve presented is a hyperbola, whose focus is under the
curve. So it is shown that, although the classic detection of hyperbolae is a
good initial step, the objects have additional features in the GPR images, which
are characteristic of the object and its relationship with the environment. By
grouping and then visualizing, using 3D representations, these characteristics,
we also show that deeper understanding of the studied area by not highly
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qualified personnel in the GPR image analysis is favoured. Additionally, these
features provide a basis for the training classification systems able to automate
the process. Finally, the use of non-destructive methods (here GPR) in WSSs is
fostered.
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