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Abstract—Over 50 percent of global pipes have been made of cast iron and most of them are ageing. In order to effectively
estimate possibilities of their failures, which is paramount for efficiently managing asset infrastructures, it requires the
remaining wall thickness (RWT) of a pipe to be known. In fact, RWT of the cast iron pipes can be primarily measured by the
magnetism based non-destructive testing technologies though they are quite slow. To speed up the inspection process,
it is proposed to sense RWT of a part of a pipe and then employ a model to predict RWT in the rest. Thus, this letter
introduces a 3-dimensional (3D) model to efficiently represent RWT of a pipe given measurements collected intermittently
on the pipe’s surface. The proposed model first transforms 3D cylindrical coordinates to 3D Cartesian coordinates before
modelling RWT by Gaussian processes (GP). The transformation allows GP to work properly on RWT data gathered on a
cylindrical pipe and effectively predict RWT at unmeasured locations. Moreover, periodicity of RWT along circumference
of the pipe is naturally integrated. The effectiveness of the proposed approach is demonstrated by implementation in two
real-life in-service ageing cast iron pipes, where the obtained results are highly promising.
Index Terms—Sensor applications, 3D model, Gaussian process, non-destructive testing/evaluation, cast iron pipes, remaining wall
thickness.

I. INTRODUCTION
Cast iron has been widely employed to industrially fabricate pipes
for effectively transporting and distributing power generation, oil,
gas, chemical and water, as accounting for over 50 percent of global
pipes [1]. In Australia, older critical water pipes are primarily made
of cast iron material [2]. Since most of these buried assets might
have been laid over 100 years ago, accurately understanding and
fully estimating possibilities of their failures in the pipeline network
are paramount for efficiently managing the asset infrastructures by
utility companies, which provides better renewal programs, break
reduction, customer satisfaction or minimal replacement costs [3].
Many approaches have been proposed to assess the failures of the
pipes, particularly water mains, as summarised in [4]. One of premises
behind estimating whether a pipe will fail in the near future or not
is that the remaining wall thickness (RWT) of the pipe is required
to be known [5]–[7]. For instance, a thickness section of a 600 mm
diameter cast iron water pipe excavated in Sydney is shown in Fig. 1,
where a critically low remaining wall thickness patch is apparently
visible.
In order to conduct measurements of the cast iron pipe thickness,
the in-service testing methods, also known as Non-Destructive Testing
(NDT) or Evaluation (NDE) are extensively exploited for evaluating
the RWT of the cast iron pipes in industry [8]. Among those techniques,
the pulse Eddy current (PEC) technology presents multiple advantages
as demonstrated in our previous works [9]–[11]. Nevertheless, not
only the PEC, most of the NDT/NDE approaches are derived from
the principle of magnetism in which the magnetic field takes time
to penetrate through the cast iron material (e.g. methods including
Eddy current, remote field Eddy current and PEC) or magnetize the
pipe (e.g. magnetic flux leakage) [9]. In other words, scanning the
RWT of the cast iron mains by the magnetism based technologies
is deemed to be quite slow, particularly when applied for a long
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Fig. 1: Water pipe thickness interpretations in (a) 3D and (b) 2D.
pipeline. Moreover, it may cause discontinuity of supply to customers
while the NDT/NDE sensors are scanning the cast iron thickness
of a pipe still providing service. For instance, in our previous work
[12], an autonomous tool has been designed to internally evaluate
RWT of a cast iron main. Nonetheless, it requires the main to
be dewatered before the tool is deployed. That is, scanning the
pipe thickness can only be implemented in a short time (e.g. few
hours) during the shutdown of the water main. Therefore, in order
to maximally extend a section of a pipe to be evaluated, in the
work [12], we have proposed to intermittently take measurements. In
equivalent words, the autonomous tool collects measurements on one
ring along circumference of the pipe, skips another ring and repeats
the process. And ultimately, given the collective measurements, the
unmeasured area can be filled up by inference if a model of the pipe
thicknesses is available.
In literature, some methods have been proposed to model RWT
presenting on a cylindrical pipe. As demonstrated in Fig. 1, the cast iron
pipe thickness can be 3-dimensionally represented or 2-dimensionally
unwrapped. In the works [1], [13], the authors proposed to model
RWT of a cast iron pipe in simulation by the finite element analysis
technique. Nevertheless, the proposed model is computationally

complicated and not able to predict RWT at unmeasured areas on the
pipe. Moreover, Zhang et al. in [14] introduced a Gaussian process
(GP) based method to model an arch tunnel’s inner surface profile.
They proposed to transform a 3-dimensional (3D) coordinate in the
arch tunnel into a 2-dimensional (2D) coordinate before modelling the
surface profile by GP. However, periodicity of the thickness/profile
along circumference, which appears in the pipe but not in the arch
tunnel, has not been considered yet. In our previous work [12], a
2D model based on GP for RWT of a cast iron pipe was taken
into account. It was proposed to employ a periodic function [15] to
incorporate into a covariance function to construct a periodic kernel
for the model. It is noted that since the periodic function is generic,
the proposed model computes periodicity in both circumferential
and longitudinal directions of a cylindrical pipe though considering
periodicity in the longitudinal direction is not necessary.
Therefore, in this paper, by extending the previous works, we
propose a GP based 3D model to represent RWT of a pipe. The
proposed model first transforms a cylindrical coordinate on the pipe
to a 3D Cartesian coordinate before modelling RWT by GP. The
transformation allows GP to work properly on RWT data gathered
on a cylindrical pipe and effectively predict RWT at unmeasured
locations. Moreover, periodicity of RWT along circumference of the
pipe is naturally incorporated. Particularly, we have validated the
proposed model in the real-life RWT dataset collected on the water
mains in Sydney, Australia with highly promising results.

II. 3-DIMENSIONAL MODEL FOR REMAINING WALL
THICKNESSES OF PIPES
To model RWT of a pipe by the use of GP [15], it is assumed that
only one thickness value is measured underneath a sensor footprint
and the coordinate of centroid of the sensor footprint presents the
location of the corresponding thickness measurement. Hence, on the
pipe’s surface, one has point measurements and their corresponding
locations. On the other hand, locations on the pipe’s surface are
normally presented in a cylindrical coordinate system. That is, a
point on a cylindrical pipe’s surface can be coordinated by three
parameters including radial distance 𝜌 , angular coordinate 𝜃 and
height 𝑧. For the cast iron pipes used in water mains, if 𝜌 is constant
along the pipeline, which gets the length scale hyperparameter of the
GP model learned to be zero. Furthermore, in the case two locations
with 𝜃 = 1𝑜 and 𝜃 = 360𝑜 given the same other coordinates, the
GP model treats measurements at those locations far away in the
circumferential direction though they are adjacent in reality due to
closeness of the pipe. Thus, to guarantee the GP model to work
properly on modelling RWT of the pipe, we propose to transform a
3D cylindrical coordinates to a 3D Cartesian coordinate as follows.
𝑝 = (𝑥, 𝑦, 𝑧) = (𝜌 cos 𝜃, 𝜌 sin 𝜃, 𝑧)

(1)

where 𝑝 = (𝑥, 𝑦, 𝑧) is the 3D Cartesian coordinate. Note that 𝜌 is not
necessarily constant since the internal and external corrosion varies
along the pipe.
If we denote the RWT collected at the location 𝑝 𝑖 as 𝑡𝑖 , then all
the 𝑛 RWT measurements on the pipe can be modelled by
t(p) = v(p) + 𝜀,

(2)

where p = ( 𝑝𝑇1 , 𝑝𝑇2 , · · · , 𝑝𝑇𝑛 )𝑇 ∈ R𝑛×3 , t = (𝑡1 , 𝑡2 , · · · , 𝑡 𝑛 )𝑇 ∈ R𝑛
and v = (𝑣 1 , 𝑣 2 , · · · , 𝑣 𝑛 )𝑇 ∈ R𝑛 is the latent variables at p. 𝜀 =

(𝜖 1 , 𝜖2 , · · · 𝜖 𝑛 ) ∈ R𝑛 , where 𝜖 𝑖 is a measurement noise with a zero
mean and an unknown variance 𝜎𝑛2 . In this work, the latent variables
v are proposed to be modelled by GP, which is specified by the
mean 𝜇 and covariance 𝐶 functions. For the purpose of simplicity, we
assume the mean function to be a constant as averaging all the RWT
measurements. There is a rich family of covariance functions for
the GP model [15]. Of which the automatic relevance determination
Matern kernel will be used for demonstration in this work, as given
below.
 √ 

√ 
(3)
𝐶 ( 𝑝 𝑖 , 𝑝 𝑗 | Θ) = 𝜎 2 1 + 3𝑑 exp − 3𝑑

presents correlation between the RWT values at locations 𝑝 𝑖 and 𝑝 𝑗 ,
where 𝜎 is the RWT standard deviation, and
v
u
t 2
Õ ( 𝑝 𝑖 − 𝑝 𝑗 )𝑇 ( 𝑝 𝑖 − 𝑝 𝑗 )
𝑑=
,
(4)
𝑙 𝑘2
𝑘=1
where 𝑙 𝑘 is the characteristic length scale in the 𝑘 direction. Note that
in modelling RWT of a pipe, due to corrosion processes [16], two
any RWT values have spatially correlated influence on each other
in both the circumferential and longitudinal directions, respectively.
Θ = (𝜎, 𝑙1 , 𝑙2 , 𝜎𝑛 ) is a set of hyperparameters. These hyperparameters
can be estimated from the collective RWT measurements by utilizing
the maximum likelihood technique [17].
In terms of inference, given the GP model learned from the RWT
measurements t(p) , we can predict RWT at 𝑚 unmeasured locations
p∗ on the pipe, as presented in the formulations of their posterior
means 𝑚 p∗ and covariances Σp∗
𝑚 p∗ | t(p) = 𝜇(p∗ ) + Σ𝑇pp∗ (Σpp + 𝜎𝑛2 𝐼) −1 (t(p) − 𝜇(p))
Σp∗ | t(p) = Σp∗ p∗ −

Σ𝑇pp∗ (Σpp

+

𝜎𝑛2 𝐼) −1 Σpp∗ ,

(5)
(6)

where 𝜇(p∗ ) ( 𝜇(p) ) and Σp∗ p∗ (Σpp ) are a 𝑚 (𝑛) RWT mean vector
and a 𝑚 ×𝑚 (𝑛×𝑛) covariance matrix at locations p∗ (p), respectively.
Σpp∗ is a 𝑛 × 𝑚 covariance matrix presenting correlation between the
RWT values at locations p∗ and p while 𝐼 is a 𝑛 × 𝑛 identity matrix.
Note that components of the covariance matrices are computed by
the use of the covariance function (3).

III. EXPERIMENTS AND RESULTS
To validate effectiveness of the proposed model, we conducted
experiments on the real-life in-service water mains along Hector street
in Sydney, Australia from November to December 2017 by digging
the holes (3.6 m × 2 m × 2 m) around the pipes and employing the
PEC sensor [9]–[12] to inspect RWT of the 1922 ageing cast iron
pipes. The sensor fully scanned 9 section pipes, ranging from 1.7 m
to 3.1 m, at different locations along the pipelines at resolution of 50
mm × 50 mm, which compromises between the scanning speed and
measurement accuracy. That is, the pipe’s surface was discretized
into a grid, where a grid cell was sized by 50 mm × 50 mm. The PEC
sensor’s footprint covered the grid cell at each scan, and only one
RWT measurement was reported at a corresponding grid cell. Some
RWT maps of the fully scanned cast iron pipes are demonstrated
in Figures 2a, 2b and 2c, where the longitudinal direction is along
the horizontal axis while the circumferential direction is along the
vertical axis after the 3D closed pipe is unwrapped.
In order to verify how the proposed model presents RWT of a
pipe, we considered the RWT measurements of the fully scanned
pipes as ground truths. For the RWT data of each pipe, a part of

Fig. 2: Experimental results: (a), (b) and (c): ground truths of 3 different pipes; (d), (e), (f), (j), (k), (l), (p), (q) and (r): possibilities of
operating the scan, where there is no scanning in white areas; (g), (h), (i), (m), (n), (o), (s), (t) and (u): partly scanned RWT maps are filled
up by inferences.
them was used for training the model, and the remaining was used
for testing. Based on our previous work [12], it is supposed that
there are 3 possibilities of operating the scanning to speed up the
inspection process, where there is no scanning in white areas: (1)
the sensor circumferentially scans one ring and then skips one or
more rings, as demonstrated in Figures 2d, 2j and 2p; (2) the sensor
longitudinally scans one line and then skips one or more lines, as
shown in Figures 2e, 2k and 2q; (3) the sensor scans one grid cell
and then skips one or more grid cells, as illustrated in Figures 2f, 2l
and 2r. For the purpose of demonstrations, we skipped one, two and
three ring(s)/line(s)/grid(s) in the experiments as shown in Fig. 2.
Upon these configurations, for each pipe the models were trained by

using the RWT measurements at locations of which the sensor could
scan. The learned models were then employed to predict the RWT
values at unscanned locations; and the filled RWT maps are shown
in Figures 2g, 2h, 2i, 2m, 2n, 2o, 2s, 2t and 2u, correspondingly.
It is noted that in Fig. 2 each filled RWT map is corresponded to
the possible scanning configuration immediately right on its top.
For instance, Fig. 2g was created after filling up the white areas in
Fig. 2d by the predictions interpolated by the model trained from
the collected RWT data as illustrated in Fig. 2d. Qualitatively, the
filled maps in each column of Fig. 2 are highly comparable to the
ground truths demonstrated in Figures 2a, 2b and 2c, respectively.
More importantly, by reducing the number of measurements needed,

Fig. 3: Maximum absolute errors and root mean square errors for 3 possible sensing configurations. (a) and (d): 1, 2 and 3 ring skip/break;
(b) and (e): 1, 2 and 3 line skip/break; (c) and (f): 1, 2 and 3 grid cell skip/break.
scanning time is significantly declined. For instance, if we use the
sensing strategies presented in the second, fourth and sixth rows
of Fig. 2, the scanning time is reduced to 50%, 67% and 75%,
respectively.
Moreover, to quantitatively evaluate the proposed model, we
computed maximum absolute errors (MAE) and root mean square
errors (RMSE) between the ground truths and their counterpart
predictions for 3 possible scanning configurations in each scanned
pipe, as demonstrated in Fig. 3. For the purpose of comparisons,
we also implemented the 2D GP model [15] with a given periodic
function in the dataset of 9 scanned pipes. It can be apparently seen
in Fig. 3 that the proposed model outperforms the 2D GP model at
any possible sensing configurations. Moreover, as expected, the more
RWT measurements are collected, the smaller MAE and RMSE can
be obtained.

IV. CONCLUSIONS
The letter has proposed an efficient 3D model for modelling
RWT of a cast iron pipe to speed up the sensing process in the NDT
applications. The proposed model is based on GP, where 3D cylindrical
coordinates of a point on the pipe are transformed to 3D Cartesian
coordinates, which enables GP to work properly. The transformation
also allows the model to naturally incorporate periodicity of RWT
along circumference of a pipe. Furthermore, correlation between any
two RWT values is interpreted in two circumferential and longitudinal
directions due to natural corrosion process. We have extensively
validated the model in the realistic datasets collected on two inservice ageing cast iron pipes.
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