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Abstract: This paper introduces an autonomous robot designed for in-pipe structural health mon-
itoring of oil/gas pipelines. This system employs a 3D Optical Laser Scanning Technical Vision
System (TVS) to continuously scan the internal surface of the pipeline. This paper elaborates on the
mathematical methodology of 3D laser surface scanning based on dynamic triangulation. This paper
presents the mathematical framework governing the combined kinematics of the Mobile Robot (MR)
and TVS. It discusses the custom design of the MR, adjusting it to use of robustized mathematics,
and incorporating a laser scanner produced using a 3D printer. Both experimental and theoretical
approaches are utilized to illustrate the formation of point clouds during surface scanning. This paper
details the application of the simple and robust mathematical algorithm RANSAC for the preliminary
processing of the measured point clouds. Furthermore, it contributes two distinct and simplified
criteria for detecting defects in pipelines, specifically tailored for computer processing. In conclusion,
this paper assesses the effectiveness of the proposed mathematical and physical method through
experimental tests conducted under varying light conditions.

Keywords: dynamic triangulation; optical laser scanner; pipeline structural health monitoring;
RANSAC; TVS

MSC: 78A05; 93D50; 51N99; 51K99; 68W99

1. Introduction

Currently, the hydrocarbon industry remains one of the principal supports of the
country’s economy. Therefore, all the activities that are involved in this industry are worthy
of the application of updated methods. Whether for gas or oil transportation, pipelines are
the most effective way to achieve this task. All of the involved processes of transportation
should be guaranteed to be optimal, aiming to avoid monetary losses or accidents. Ac-
cording to [1], most of the pipelines used in hydrocarbon transportation are under extreme
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conditions, such as temperature, pressure, corrosion, humidity, etc. These kinds of extreme
conditions can lead to wear on the pipes. Currently, the most common material utilized
for pipeline construction is carbon steel API 5L X65, X70, and X80. Nevertheless, some
sewer and water transportation pipelines use concrete [2]. Although concrete and steel
are durable materials, extreme weather conditions reduce their lifetime significantly. To
prevent accidents and transportation delays in the pipeline, it is recommended to perform
a periodic inspection. Therefore, pipeline inspection is one of the most important tasks for
the industry. Normally, a complete inspection must detect various physical parameters
whose values can be crucial for normal pipeline functioning. According to many years of
tradition in this industrial branch, this kind of inspection is visual. The most natural way
for its automation is the use of optical multi-sensing systems.

On the other hand, the authors of the present work have dedicated many years
to 3D optical laser rotational scanning systems [3–11], and we have confirmed that our
laser scanners, by default, naturally decrease their uncertainty, noise, and bias influence,
and that their energetic losses and battery lifetime increase when operating in complete
darkness. At the same time, in complete darkness, when traditional optical devices based
on cameras of any type (APS, CMOS, CCD, omnidirectional fisheye, etc.) are almost unable
to function, our optical system only increases its operational skills. Moreover, whereas the
traditional optical inspection is applied on the external pipeline surface, our automated
system is intended for internal application, which is more useful for specialists in structural
maintenance, and it can localize more complex and hidden defects. These factors were the
main inspiration for the present work.

In the national context of the authors, there are more than 17,000 km of pipelines
around the Mexican national territory which are utilized for the transportation of hydrocar-
bons, according to PEMEX’s official site [12]. These pipelines differ in diameter depending
on the branch type and purpose of the station. The vast majority of the principal branch
diameter is no less than 24 inches (609 mm). The minimum and maximum diameters of said
pipeline branches are 6 and 48 inches, respectively. Taking into account the international
context, we analyze one of the largest pipelines around the globe, the Trans-Alaska Pipeline
System, which is a pipeline system with about 800 miles (only in the main branch) of
pipelines with a diameter of 48 inches (1022 mm) inches [13], and that, as mentioned before,
is also under extreme cold weather conditions. These mentioned previously, pipeline sys-
tems represent only some of the places where the proposed system could be implemented.
Taking into consideration all of the abovementioned factors, a research area was identified;
hence, this following paper is presented. Since the abovementioned extreme conditions
will also affect the tools utilized for inspections and the persons that perform such tasks, it
is important to propose new methods or tools capable of realizing these tasks.

In the literature, some researchers have worked towards the automation and se-
cureness of this task. There are autonomous applications for the inspection of either the
internal or the external conditions of the pipelines [1]. In [14], the authors present a control
scheme for an autonomous unmanned aerial vehicle (UAV) used for external inspection of
a pipeline with the aid of image processing. Although the method allows for tracking the
pipeline and performing measurements with cameras, it takes about 4 s to stabilize, making
early data unreliable, in addition to occasionally tracking loss stabilization for periods of
1 s. Our system, however, performs reliable measurements from the first second to the
end of the inspection. Introduced in [15] is the design and implementation of a robot with
the autonomy for exploration of internal pipeline conditions that focusses on its capability
to move inside it using wall-press caterpillars that drive the robot. By design, the robot
presents limitations, since it is only suitable for reduced-diameter dimensions pipelines,
specifically 150 mm. In a complex pipeline system, it could be possible that the diameter
varies within sections, preventing the completion of the inspection. Moreover, the cater-
pillar tension against the pipeline’s wall must be manually adjusted to any environment
conditions, which traduces into setting/calibration time needed to start the inspection
process. To be able to move with enough velocity along the pipeline, the caterpillar should
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have enough torque, which can traduce on energy loss due to the high number of DC
motors functioning. The inspection system uses cameras, and therefore it needs a light
source to perform well. The system needs to be operated remotely. The authors in [16]
made a review of the different hybrid robots that seize the advantage of two locomotion
systems to become robust and flexible in terms of application necessity. Many of them face
similar restrictions and difficulties in performing objective tasks. As a main disadvantage,
none of these robots with the abovementioned motion system has the ability to travel or
inspect from bigger- to smaller-diameter pipes. According to [16], one of the main problems
of the in-pipe inspection robots is that it supposes the inability to navigate with confidence
along the pipeline branches. Reference [17] uses stereo vision to detect defects. Onboard
cameras require a robot lightning system, as without it, the mapping quality decreases.
Having to process images from three cameras is time consuming due to the high quantity
of data that each camera provides. In addition, a large quantity of acquired information
becomes irrelevant when searching for laser profiling on the author’s chosen application.
The relation between camera’s pixel resolution and laser thickness creates the necessity to
find the midpoint of the laser ray projected onto the surface to precisely locate the center
of the circular section of the pipeline. In [15], the mobile robot is autonomous and can
travel along the pipeline, provided that it integrates some different sensing elements, which
each add different capabilities each. This results in several extra sensor elements, if it is
required to have a fully autonomous device. Presented in [18] is a review of the monitoring
techniques for pipelines. Among the most popular visual techniques currently are those
that use a Closed-Circuit Television (CCT) or a laser scanner. Nevertheless, execution time,
memory requirement, and energy cost for the detection methods are still important aspects
to be improved. Laser Scanner data are normally distorted by distance, laser-emitting
wavelength, and incidence angles. Even though there are some methods aiming to decrease
this level of distortion [19], this adds complex comparisons that increase processing time.

As background for this paper, it is relevant to notice that, previously, the authors
proposed an original system for structural health monitoring [20]. It was observed in
many cases that its main weak point is its significant sensitivity to ambient light noise
and, correspondingly, higher measurement uncertainty due to this factor. This was a main
reason to search an application where our original patented 3D laser scanner [21] can
enhance its performance. Pipeline inspection was a good candidate for this, and during
the experimentation with the most recent prototype inside a pipeline model, some other
significant advantages of our method were discovered. Those advantages are the focus of
the main novelty and contribution of the herein presented work. Thus, a novel scanning
algorithm for the Technical Vision System (TVS) is presented in this paper, and is used to
scan the internal condition of a pipeline. This TVS enables a robotic mechanism to perform
a detailed surface inspection of a pipe’s internal surface, being able to identify obstructions,
perforations, or weariness in the physical structure. Some of the system’s advantages are
listed herein. The scanning system is capable of path planning, defect identification, defect
mapping, and data storage. In addition, having similar dimensions to the robot in [15],
the proposed system is suitable for a wider range of pipeline diameters, ranging from
220 mm up to 1022 mm. The system performed better in dark environments without an
external or onboard extra lighting system such as the ones in [14,17,18]. Unlike [17], the TVS
signals, by nature, outstrip the necessity of a preprocessing stage to find the laser ray. The
scanning methodology decreases the effects mentioned in [17,19] by constringing spatial
positioning, helping to maintain optimal physical conditions for the laser propagation in
the optical channel.

The main reason for this paper was to find, among different possible approaches, a
mathematical formalism that optimizes the system’s data acquisition in the identification of
the physical characteristics of the pipe’s surface, either by reducing the calculation time or
by avoiding the necessity of redundant information flow to secure the system’s reliability.

This paper is organized into following sections. After the Introduction, the second
section presents the theoretical concepts of the scanning system; it describes the details of
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the design and electromechanical aspects, as well as the application requirements for the
specific task: pipeline inspection. The sections afterward present the scanning methodology
developed to acquire precise point clouds on the specific physical conditions for pipe
evaluation, and afterward, the experimentation made to validate the scanning method,
as well as the mathematic approach used for the identification of defects by point cloud
segmentation, and corresponding results. Finally, discussions and conclusions provide
closure to the presented paper.

2. Materials and Methods/Theoretical Concepts

The laser scanner introduced in [3,4] bases its functionality on the reflection directed
laser ray into an object. The TVS has been widely used in researchers’ work. Numerous
experiments confirm the system’s precision improves when isolating it from non-laser light
sources. Illuminated environments, like daylight outdoors, yield unstable signals with low
signal-to-noise ratios (SNR), leading to measurement errors. Instead, dark environments
produce high SNR signals, enhancing precision. This isolation, typically a drawback, proves
to be advantageous for in-pipe inspection, ensuring higher signal quality by eliminating
external light interference. Internal darkness optimally propagates signals, enabling precise
scanner operation.

2.1. Scanning System

The Optical Laser Scanner or TVS is the principal sensing element used for measure-
ments in the inspection system (see Figure 1).
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Figure 1. A 3D model of the Scanning System (TVS). (a) Active Node. (b) Sensing Node.

The TVS consists of two principal nodes: a laser source, which is the active one, and an
electro-optical sensing element, which is the passive one. The laser source uses a red laser
in the 633 nm wavelength directed towards a region of interest using step DC motors and a
set of 45◦-cut mirrors and biconvex lenses. This mechanism is called a Laser Positioner (LP)
(Figure 1a). As mentioned, the LP has two step-motors each for individual horizontal and
vertical movement. The step motors have 20 steps per revolution and an attached gear box
with a 1:256 ratio for horizontal/vertical movement, with a voltage level of 5 V and max
current of 250 mA. The LP provides the TVS with the ability to move, and highlights any
point in space with the known angles αij, γij. The Scanning Aperture (SA) is the sensing
node, and it has a 45◦-cut mirror that rotate constantly, driven by a DC motor that can meet
up to 17,000 revolutions per minute (rpm) (Figure 1b). It receives and redirects the reflected
energy of the laser from the object’s surface and focuses it with two biconvex lenses to
a stop sensor, which is a BPW77NB phototransistor sensible to visible and near-infrared
radiation (480 to 1080 nm bandwidth) with fast response times (turn on/off time between
5–6 µs). An optocoupler (called a zero sensor) used in the base of the mirror keeps track
of the rotation and provides a signal. With the signal from the optocoupler (rotation) and
the phototransistor (laser-reflected energy) compared to a reference (clock), it is possible to
calculate the βij reflection angle. A detailed diagram of the SA is shown in Figure 2. With
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the angles αij, γij, βij and a known separation between the two elements, the 3D spatial
coordinates of the object’s reflection point can be calculated using the Law of Sines. This
theory is called dynamic triangulation, and it is represented from its top view in Figure 3.
The detailed construction and principles of the laser scanner with theoretical concepts are
given in [3,4]. The electronic, mechanical, and design features of the TVS create limitations
to the free movement of the elements, restricting the Field of View (FOV). Even though the
TVS FOV is not 360 spatial degrees, it is enough to perform spatial measurements with the
scanner, as has been widely demonstrated through several research works [3–7,22].
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Although this paper analyses the methodology for precise pipeline inspection with our
patented TVS [21], any type of robotic mechanism or mobile robot could be adapted to work
with our scanning system. Nevertheless, to experimentally demonstrate the functionality
of our inspection method, a mobile robot was selected. The Smart V2.0 mobile robot is
commonly utilized for autonomous navigation tasks in the literature [23–26]. Researchers
demonstrate its suitability for inspection, despite being designed for didactic purposes.
Our research team significantly redesigned the standard Smart V2.0, incorporating our
patented TVS prototype atop it using 3D printing. In total, about 85% of the details of the
original robot were totally replaced by our original new design printed on a 3D printer, with
additional enforcement of the mechanical strength. This modification lowers the center of
mass and enhances the precision of the wheel drives for improved dead reckoning with
our special control algorithm. Figure 4 consists of two subsystems: the Laser Scanner (TVS)
and the Mobile Robot (MR). The TVS is mounted onto the MR, enabling it to travel along
pipeline branches. This design provided for the application, the scanning methodology,
aims to optimize the collaborative work of the robot and the TVS, strengthening the
system’s autonomous navigation properties due to the scanner’s capability for adjustable
obstacle detection.
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Due to the TVS’s enhanced performance in dark environments (demonstrated in the
“Experimental Evaluation” Section), the system does not require an onboard illumination
tool. Nevertheless, if necessary, an illumination tool or flashlight system can be added to
the robotic design, such as the one presented in [17]. The fact that there is no necessity
for a light source is beneficial in energy savings, in comparison to other systems used for
internal pipeline inspection, such as those mentioned in [17,27]. The power consumption to
the autonomous robot that extra illumination could represent, however minimal, becomes
significant in long inspection periods. The fact that the system avoids the necessity for such
a tool means that this feature’s power consumption is zero. The MR has 6.5 cm diameter
wheels, and can carry up to 2 kg, allowing the inspection system to travel along the pipe
even if there are contaminant elements on the surface such as water, oil, and other fluids
transported by pipelines.

2.2. Mechanical Analysis and Kinematics Modeling

The following section describes the algorithms and mathematics aspects of the pro-
posed pipeline scanning method. Our proposal performs the measurements of the envi-
ronment dimensions using the laser source. It only requires the initialization (save into
the MR memory the initial spatial coordinates of the start point and the initial values of
roll-pitch-yaw-angles at this moment). The changing conditions of the mobile robot, posi-
tion, and wheel slippage are compensated by the homogeneous transformation matrix, and
can be sensed using an accelerometric platform [28]. The datasets measured using the TVS
are then post-processed to evaluate the physical condition of the pipeline by comparison
between the pipeline’s actual measured conditions and the manufacturing specifications
of the pipeline’s blueprints. Defects are highlighted to make a second scan, and therefore
(with the acquired information) are able to make decisions on the required maintenance.
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2.2.1. Mechanical Analysis

Represented by equation system (1) is the MR’s movement.

.
xMR(t) = vMR(t) cos(θMR(t)).
yMR(t) = vMR(t) sin(θMR(t)).
θMR(t) = ωMR(t)

(1)

In the system of equations,
.
xMR(t),

.
yMR(t) are the Cartesian coordinates of the MR on

the moving plane.
.
θMR(t) is the angle between the x-axis of the Universal Cartesian Coordi-

nate System (moving plane CCS1) and the MR’s movement propagation line. ωMR(t) is the
angular velocity of the MR’s wheels, and vMR(t) is the MR’s linear displacement velocity,
which is parallel to the x-axis of the Inertial Reference System 2 (IRS2). Figure 5 depicts
these variables in a simulated inspection environment. The control signals for the inspec-
tion system are obtained with the system of Equation (1) and the dynamic triangulation
mathematics. To achieve this, the following condition should be presented. The operation
velocities (2) of the inspection system are obtained with (1).

ωSA >> ωSV >> ωMR (2)
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Equation (2) is the relation that should satisfy to assure the correct functioning of the
inspection system. There, ωSA is the SA rotation velocity, ωSV is the scanning velocity of the
PL, and ωMR remains as MR’s wheels movement velocity. The SA rotation velocity ωSA is
related to the data-acquisition capability of the TVS under condition (3), as follows:

Sr# =
FT

ωSA/60
(3)
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Here, Sr# is the number of standard pulses with a sampling frequency, FT , during one
complete rotation of scanning aperture mirror, acquired by the Teensy in one complete SA
rotation at a constant rotation velocity. From this, it is possible to determine the smallest
graduation, βSG, or the resolution of the βij angle measurement. It is determined by (4)
the following:

βSG =
360
S#R

(4)

In contrast to [20], where the βSG is fixed, in the present application, the TVS supposes
a slight margin to adjust βSG for rough/detailed scanning. Knowing the resolution, the
total time it takes the system to make a single-point measurement is important to operation
times. This is calculated by Equation (5).

mtt = (k)(mt) + pt (5)

where mtt is the total measurement time, k is the number of points taken to make the
measurement (usually providing three coordinates, averaging in each of the k scanned
points in Figure 5), mt is the time that takes the SA to reach k complete rotations, and pt is
the processing time constant, which is normally 7 ms. mtt can be used to determine the MR’s
change in position once the TVS has finished measuring one point with its 3D coordinates.
If the MR’s position is changed by a difference bigger than dSG(βSG), the measurement
should not be considered reliable. Equations (6) and (7) describe this.

[
.
xMR(mtt)]2 − [

.
xMR(mtt)]1 ≤ dSG(βSG) (6)

dSG(βSG) = dm tan(βSG) (7)

where dSG(βSG) is the minimum distance change that the TVS will be capable to measure,
and

.
xMR(mtt) 1 and 2 represent the final and initial positions, respectively, of the MR in

the x axis of the inertial Cartesian system, and dm is the distance from the center of TVS to
the measured surface.

With (2)–(6), we can obtain the equation system that defines the inspection device
operation.

[vMR(mtt) cos(ωMR(mtt))]2 − [vMR(mtt) cos(ωMR(mtt))]1 ≤ d(βSG)
[vMR(mtt) cos(ωMR(mtt))]2 − [vMR(mtt) cos(ωMR(mtt))]1 ≤ dm tan( 360

S#R
)

[vMR(mtt) cos(ωMR(mtt))]2 − [vMR(mtt) cos(ωMR(mtt))]1 ≤ dm tan( 360ωSA
60FT

)

[vMR(mtt) cos(ωMR(mtt))]2 − [vMR(mtt) cos(ωMR(mtt))]1 ≤ dm tan(6 ωSA
FT

)

[rMRWωMR(mtt) cos(ωMR(mtt))]2 − [rMRWωMR(mtt) cos(ωMR(mtt))]1 ≤ dm tan(6 ωSA
FT

)

(8)

Using (5) on (8), Equation (9) is the one that relates the restrictions for the velocities
of ωSA, ωMR(t), and ωSV .

[rMRW ωMR((k)mt + pt) cos(ωMR((k)mt + pt))]2 − [[rMRW ωMR((k)mt + pt) cos(ωMR((k)mt + pt))]1 ≤ dm tan(6 ωSA
FT

)

[rMRW ωMR
(
(k) ωSA

60 + pt
)

cos
(
(k) ωSA

60 + pt
)
]2 − [rMRW ωMR

(
(k) ωSA

60 + pt
)

cos (ωMR
(
(k) ωSA

60 + pt
)
]1 ≤ dm tan(6 ωSA

FT
)

(9)

Equation (9) is defined by constants rMRW , pt, k, mt, and FT , and from there, veloci-
ties ωSA, ωMR, and ωSV can be related. Equations (2) and (8) are conditional parameters for
the pipeline inspection with the TVS. In (10), the minimal resolution of one axis measure-
ment, dSGx, is a constraint parameter for the measurement precision, due to the restriction
of k, given the velocities ωSA and ωMR. That is, the smaller the relationship between the
two velocities, the fewer k points the system is capable of measuring and averaging, which
traduce in an increment of measurement uncertainty.

vMR((k)
ωSA
60 + pt) cos(ωMR((k)

ωSA
60 + pt)) ≤ dm tan

(
6 ωSA

FT

)
rMRWωMR. cos(ωMR((k)

ωSA
60 + pt)) ≤ dm tan

(
6 ωSA

FT

)
.
xMR(mtt) ≤ dSGx(βSG)

(10)
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Then, Equation (11) could be the restriction parameter to defect localization (depend-
ing on MR orientation within CCS1 in Figure 5).

.
yMR(mtt) ≤ dSGy(βSG) (11)

Figure 6 represents the minimal linear displacement resolution, dSGy, which defines
the minimum depth variation for the TVS to perceive. This means that the smaller dSGy is,
the more detailed a defect that could be encountered by the inspection system is. Therefore,
the value is classified according to Table 1. The Table enlists the characteristic dimensions
of different typical pipes failures, according to [2,29,30]. Also, the location and code given
by our algorithm in the identification process is provided.

Mathematics 2024, 12, 1940 10 of 27 
 

 

Figure 6 represents the minimal linear displacement resolution, SGyd , which defines 

the minimum depth variation for the TVS to perceive. This means that the smaller SGyd  
is, the more detailed a defect that could be encountered by the inspection system is. There-
fore, the value is classified according to Table 1. The Table enlists the characteristic dimen-
sions of different typical pipes failures, according to [2,29,30]. Also, the location and code 
given by our algorithm in the identification process is provided. 

The system identifies defects throughout the inspection process. Shown in Figure 7 
is the representation of how the corrosion failure dimension is supposed to be detected. 
Within a pipe’s surface, the algorithm looks into the position vector’s magnitudes for dif-
ferences around 0.2–0.8 mm label as a typical size of corrosion cavity. Equation (12) is the 

difference between the magnitude of position vector (from circle center), ijP


, and posi-

tion vector, 1ijP +


. 

/ 1 1

/ 1

/ 1

| | | |

0.8 0.2

pij pij ij ij

pij pij

pij pij

diff P P
cfd clu diff cll
cfd diff

+ +

+

+

= −

= > >

= > >

 

  (12)

where cfd  is the corrosion failure detection, / 1pij pijdiff +  is the surface depth difference, 

,cll clu  are the lower cavity bound and upper cavity bound, respectively, and 1,ij ijP P +

 
 

are the ij th consecutive measured points being compared. 

 
Figure 6. dmin representation on dynamic triangulation. Figure 6. dmin representation on dynamic triangulation.

Table 1. Failure classification by depth/dimensions.

Failure Defect Location Code Dimensions

Corrosion Internal 1 0.2–0.8 mm
Weld Failure Internal 2 10 mm
Perforation Internal/External 3 -

Crack Internal/External 4 10–30 mm
Manufacturing

Defects Internal 5 10–100 mm

Deformation Internal/External 6 >20 mm

The system identifies defects throughout the inspection process. Shown in Figure 7
is the representation of how the corrosion failure dimension is supposed to be detected.
Within a pipe’s surface, the algorithm looks into the position vector’s magnitudes for
differences around 0.2–0.8 mm label as a typical size of corrosion cavity. Equation (12) is the

difference between the magnitude of position vector (from circle center),
→
P ij, and position

vector,
→
P ij+1.

di f fpij/pij+1 =

∣∣∣∣→P ij

∣∣∣∣−∣∣∣∣→P ij+1

∣∣∣∣
c f d = clu > di f fpij/pij+1 > cll
c f d = 0.8 > di f fpij/pij+1 > 0.2

(12)

where c f d is the corrosion failure detection, di f fpij/pij+1 is the surface depth difference,

cll, clu are the lower cavity bound and upper cavity bound, respectively, and
→
P ij,

→
P ij+1 are

the ij th consecutive measured points being compared.
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Weld failure and manufacturing defects are identified once the point cloud presents a
uniform center or diameter change, and it is presented in (13). If the diameter change is
within weld failure dimension and returns to the original state after MR movement, it is
classified as a weld failure. If the center of the point cloud of the pipe changes its position,
it is classified as a manufacturing defect.

Cpij/pij+1 → Cpij = Cpij+1
Dpij/pij+1 → Dpij − (Dpij+1 + Dlim) = 0

(13)

where Cpij/pij+1 is the position change of the pipeline circumference center, Dpij/pij+1 is the
pipeline’s diameter change, and Dlim is the diameter change limit.

Deformation is classified using the RANSAC algorithm. Finally, in the event of a
perforation, the algorithm classifies the defect using the external light presence.

Depending on the inspection priority, the TVS can be set to classify defects with smaller
dimensions (code 3-1 on Table 1), and the velocities ωSA and ωMR and the value of k are
the variables that indicate the required precision.

dSGy =

√
dm

2 + L/22 sin(βSG)

sin(180 − βSG − (90 + tan−1( dm
L/2 ))

(14)

With the mentioned constraint parameters of dSGy in (14), the system operation veloc-
ities ωSA, ωSV , and ωMR of the MR are selected using algorithm logic and classification
dimensions, where constraints are set using specific inspection requirements and control
velocities stated, according to Table 1.

After parameter restriction using the application requirements, the TVS measurements
are adjusted to the point cloud with the MR movement equations, as seen in (15).

Tv =


.
xMR(t).
yMR(t).
θMR(t)

, SSij =
[
xij, yij, zij

]
(15)

where SSij is the point cloud result of the surface scan of i ∗ j scanned points (mesh in
Figure 5), which is spatially translated with the translation vector, Tv, defining the current
position of the MR along its physical trajectory. The current position of the MR is known at
this moment by several simultaneous registers, such as: simple count of averaged wheels
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revolutions; the double integral of accelerometer measurements; and, finally, counting the
system internal time of functioning, which indirectly permits us to estimate a current MR
displacement. The averaging of these three different physical estimation methods for the
same coordinate permits us to decrease its uncertainty until it becomes a negligible value,
thanks to the implemented multiparametric approach.

2.2.2. Kinematics Modeling/Orientation Detection

As mentioned above, the TVS knows its spatial orientation with the aid of a gyro-
scope/accelerometric platform. Then, after point clouds are scanned, some mathematical
adjustment should be conducted to link/joint the clouds of the measured points with
three-dimensional coordinates. This adjustment is performed with the homogeneous trans-
formation matrix of translation and rotation. The homogeneous transformation matrix, T,
represented in (16), is the matrix of 4 by 4 elements that contains the transformation of
a vector or point from a coordinated system to another. Its components are the rotation
matrix, the translation vector, the perspective transform, and the scale relation, respectively.

T =

(
R3x3 p3x1
f1x3 w1x1

)
=

(
Rotation Traslation

Perspective Scale

)
(16)

The rotation matrix on the ẑ axis by an angle θ is Equation (17), in this scenario; the
angle θ is the same as the MR inclination angle with respect to the moving plane

.
θMR(t).

R(z, θ) =

cos θ − sin θ 0
sin θ cos θ 0

0 0 1

 (17)

When comparing a static reference system Oxyz (CCS1 in Figure 5) to the rotated

O′
x′y′z′ (CCS2 in Figure 5) by an angle

.
θMR(t) and translated using Tv on the x̂ŷ axis, the

real position of the measured cloud is mathematically represented in (18).
Transforming measurements by rotating the TVS origin of coordinates according to

the MR position enables us to calculate the rotated or transformed point clouds about
coordinate system origin, Oxyz.

T =

(
R
(z′ ,

.
θMR(t))

Tv

f1x3 w1x1

)
=


cos

.
θMR(t) − sin

.
θMR(t) 0

sin
.
θMR(t) cos

.
θMR(t) 0

0 0 1




.
xMR(t).
yMR(t).
θMR(t)


Perspective Scale

 (18)

Equation (18) is used to rotate and position the point clouds acquired with the TVS in
reference to CCS1 in the z-axis (which is the axis of MR turn), and to complete the entire
point cloud of the pipeline with the position/orientation of the MR acquired using the
accelerometric platform in θ.

3. Point Cloud Scanning Methodology to Determine Pipe’s Surface
3.1. Control Principle Workflow

The collaboration between the MR and the TVS requires the spatial adjustment of laser
scanner measurements based on the MR’s position, MRxyz, at any given time. Moreover,
MR movement velocity must synchronize with TVS scan velocity to ensure quasi-static
center coordinates during high-frequency scans, preventing information loss or distortion.
TVS measurements help in locating MR movement, aiding in environmental awareness.

The pipeline inspection system follows three main processes (shown in Figure 8):
exploration algorithm (path identification), surface scan, and 3D point cloud segmentation
with RANSAC. After MR positioning at the pipeline’s beginning, the algorithm initializes
the system’s sensors and variables. MR’s actual position becomes the origin of the Co-
ordinate Universal Cartesian System, CCS1 (of Figure 5), set using the MPU6050 inertial
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sensor. The pipeline inspection begins with the exploration algorithm, and ensuring MR
avoids collisions using the physical dimensions of the inspection system as constraints, this
algorithm has been detailly explained in previous works [5,8,20].

Mathematics 2024, 12, 1940 14 of 27 
 

 

 
Figure 8. General workflow of the Inspection System with the exploration path algorithm, the Sur-
face Scan algorithm, and the Point Cloud Segmentation using RANSAC. 

The surface scan process adjusts MR velocity to maintain quasi-static TVS instant 
positions while measuring 3D points on the pipeline’s internal surface. Surface scan em-

ploys variables 
, ,i i iα β γ

 to establish the fixed physical positions ,i j  for TVS measure-
ments. The algorithm compares the acquired data with blueprint references to identify 
deviations, storing results in onboard memory. It also monitors SA signal amplitude (in 

comparison to limit variable lAL ) to detect environmental light changes, identifying po-

tential defects. In the scanning process, 
, ,i i ix y z

 are the initial three-dimensional coor-

dinates of the measured point, and 
, ,i i iα β γ

 are the angles of the laser ray in TVS, 
,v SAT ω

 are Translation Vector (used to translate in space the recently measured point 

clouds with respect to the origin of 1CCS
), and the rotation velocity of the SA, respec-

tively. Finally, SVω
 is the scanning velocity of the PL, and MRω

 the MR wheel´s rotation 
velocity. Condition (2) must be satisfied to obtain high-precision scans with the TVS. 
Lastly, point cloud segmentation using RANSAC identifies and classifies defects encoun-
tered during pipeline inspection (according to Table 1). The algorithm completes the point 
cloud using transformations and spatial adjustments, analyzing the entire 3D point cloud 
to identify and classify defects accurately. 

The detailed algorithm of the segmentation and the mathematical analysis of the 3D 
point cloud, enhancing defect detection and classification accuracy, is detailed in the sub-
sequent section. 
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The surface scan process adjusts MR velocity to maintain quasi-static TVS instant posi-
tions while measuring 3D points on the pipeline’s internal surface. Surface scan employs
variables αi, βi, γi to establish the fixed physical positions i, j for TVS measurements. The
algorithm compares the acquired data with blueprint references to identify deviations,
storing results in onboard memory. It also monitors SA signal amplitude (in comparison to
limit variable LlA) to detect environmental light changes, identifying potential defects. In
the scanning process, xi, yi, zi are the initial three-dimensional coordinates of the measured
point, and αi, βi, γi are the angles of the laser ray in TVS, Tv, ωSA are Translation Vector
(used to translate in space the recently measured point clouds with respect to the origin
of CCS1), and the rotation velocity of the SA, respectively. Finally, ωSV is the scanning
velocity of the PL, and ωMR the MR wheel´s rotation velocity. Condition (2) must be
satisfied to obtain high-precision scans with the TVS. Lastly, point cloud segmentation
using RANSAC identifies and classifies defects encountered during pipeline inspection
(according to Table 1). The algorithm completes the point cloud using transformations and
spatial adjustments, analyzing the entire 3D point cloud to identify and classify defects
accurately.

The detailed algorithm of the segmentation and the mathematical analysis of the
3D point cloud, enhancing defect detection and classification accuracy, is detailed in the
subsequent section.

3.2. Segmentation Using the RANSAC-Modified Algorithm

Segmentation of 3D point clouds often has to deal with the problem of defining the
differences or edges between the foreground and background due to the entanglements
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that exist between these in a so-called “scene” [31]. In the case of a pipeline internal surface
scan, this problem is reduced due to the known ideal cylindrical shape of the pipeline,
which can be modeled and easily label as background, leaving all data that does not fulfill
the background characteristics as a foreground, and therefore “defects” or “non-desired
surfaces”. Random Sample Consensus (RANSAC) is a method utilized for the calculation
of a model that fits a set of data, without outliers affecting the result. With this, we can
identify the outliers in our data (the pipes’ point cloud). The algorithm has been utilized
for point cloud analysis in research like [32–34], since presented in [35].

In our case, the model to be fit is a circle in (19), in order to find the diameter and
center of the inspected pipeline. In addition, the objective of using the algorithm is the
augmentation of the useful data in the point cloud to present the final result [11].

x2 + y2 + 2gx + 2 f y + c = 0
r2 = g2 + f 2 − c

(19)

Equation (19) is the mathematical model for the circle profile there, x, y are the spatial
coordinates of the evaluated point, r is the radius of the circle model, and c, f , and g are the
circle’s center constants.

The algorithm iterates by randomly selecting a subset from the point cloud to be
analyzed, fitting the model (19) to the selected subset with a determined threshold distance,
determining the number of outliers (data outside the threshold), and repeating steps for k
iterations.

Figure 9 is the representation of the RANSAC algorithm. In the Figure, outliers are
represented in red, inliers in blue, and the circle to be fit in black.
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With the application of RANSAC, the conditions of the pipe can be determined in
a logical, natural way. The Experimental Evaluation Section of the paper presents the
results after modification to the algorithm for defect identification. If the identification is
not possible, the algorithm in Figure 8 determines if a higher density of data (more 3D
points measured in a minor area) scan should be taken in the highlighted zone to accurately
identify the defect and decide if future maintenance is needed.

Inliers, used for a pipe’s parameter determination, and the identification of outliers,
result from point cloud evaluation using RANSAC. The outliers are evaluated for condition
in (20).

outlier > radius = outlier
outlier < radius = possiblede f ect

(20)

After the condition evaluation, outliers are eliminated from the final point cloud, and
possible defects are evaluated with the nearest neighborhood, such as that presented in [10].
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If the data points are far apart from each other, they remain as outliers, and are eliminated
from the point cloud. If enough points are gathered in a zone, they are classified as defects
according to the Table below. Table 2 is the characteristic probability of an event. This
information becomes critical in the robot’s setup and initialization, depending on the type
of maintenance.

Table 2. Failure/defect classification.

Failure Defect Location Probability

Corrosion Internal High
Weld Failure Internal Small
Perforation Internal/External Medium

Crack Internal/External Medium
Manufacturing Defects Internal Small

Fracture Internal Medium

These three processes for the pipe scanning are continuously repeated until the full
pipeline segment scan is finished.

4. Experimental Evaluation
4.1. Considerations

An important point to consider about the prototype is the software and hardware
architecture used to control all the elements. The software for the inspection system uses
MATLAB R2023b for surface evaluation, 3D measurements, and signal processing, and
Python for operation algorithm programing and RANSAC application. The acquisition and
preprocess stages are performed with a microcontroller, and the acquired data are saved to
an onboard memory to be accessible at any moment. For hardware, the used accelerometric
platform is the MPU6050, the stop sensor on the SA is the BPW77NB, a Teensy 4.1 USB is
used to acquire the signals, and an Arduino MEGA is used for MR movement. The selected
MR movement is the skid steer movement, where the opposite rotation of robot wheels
perform movement and can achieve rotation of the system. The Arduino sends movement
signals to a h-bridge driver and enables wheel rotation. Depending on the situation, the
rotation could be clockwise or counterclockwise. Wheel rotation velocity is controlled with
a pulse-width modulation (PWM) sent to the driver, also forming the Arduino.

The system has been tested in different conditions and experimental setups. This was
to validate the functionality and accuracy of the developed scan methods. In addition,
measurements were compared to those treated as ground-truth data (blueprint) to validate
the inspection method’s operation error. The most important factors obtained during the
experiments are accuracy on said conditions, 3D map quality, defect identification, detection
of spatial orientation, its performance in a real-time scale, and system robustness estimation.

4.1.1. Surface Sensor Suite Validation/Scanning Circular

One of the main problems to address in a scanning process inside a pipeline with the
TVS is the processing part of the data received using the TVS. Due to the pipeline’s circular
surface and material, the expected reflection of the emitting laser will be different from the
ideal. This means that a validation of the data reflection received needs to be conducted.

To validate the use of the SA for inspection of the inner circular surface of the pipeline,
a pipeline model was used. The TVS was first introduced alone in the pipeline model, and
several experiments were carried out. Artificial defects and contaminants were added to the
pipeline model to analyze the TVS performance under such circumstances. Different TVS
positions inside the pipeline were tested for their benefit from the FOV accuracy zones. The
received signals from the SA and the light-detector photometer were tested to determine
their optimal interaction quality.



Mathematics 2024, 12, 1940 15 of 24

4.1.2. Measurements Validation

The measurements taken using the TVS were compared to the ones performed with
the distance meter from Leica DISTO D810 and a Vernier (for smaller distances). Here are
presented the differences between measures taken in experimental conditions from real
ones. All the measurements acquired in experimental conditions (with different scanning
speeds) are analyzed, and statistical data of them can provide valuable information in
regard to the TVS performance under different conditions. Accuracy comparison between
both TVS positions, at the time when the measurements were taken, concludes with the
TVS ideal configuration to realize the surface scanning of the pipeline.

Defects such as pipeline deformities, perforations, and obstacles are successfully
detected and identified. These are one of the most critical defects to be found and repaired
in a pipeline that transports high-value resources.

4.1.3. Performance Evaluation with Existing Technologies

The performance of the whole system as a unit is evaluated and compared against the
proposals from the literature. In [17], a corroded metal pipe of diameter 600 mm was used
to test their method with an accuracy of 1 mm. Other literature, such as [17–19], present an
accuracy of around 7 mm.

4.2. Measurements under Different Light Conditions

For the generality of the obtained results, the multiparametric optical TVS functioning
was tested measuring the same during the different illumination conditions in the inspection
zone. It was provided for three different levels of external light: 0 lux (with a turned-off light
in the laboratory, and totally covered by dark curtains on the pipeline’s prototype), 100 lux
(with a turned-off light in the laboratory, and partially covered by dark curtains on the
pipeline’s prototype measuring the light condition using a photometer), and 200 lux (with
a turned-on light in the laboratory, and partially covered by dark curtains on the pipeline’s
prototype). The illuminance measurement was acquired with the 407,026 Heavy Duty Light
Meter from EXTECH. The results of this experiment are shown in Figure 10. According
to [3,5,8,9], the TVS has a performance improvement under no-light environments. Exper-
iments to demonstrate this were carried out. Figure 10 presents the mean angular error
of the TVS in different zones of the FOV. This error on the detection angle of the TVS can
produce spatial errors in the measured coordinates of up to 10 cm (for example, at 1 m
distance between surface and TVS) for the 45◦ LP’s position on the FOV at 1 m from the
scanned surface.
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In Figure 10, it is possible to observe that there are angles in which the measurement
error is smaller in the presence of an external light source (100 LUX). Nevertheless, the
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overall performance of the TVS in the entire FOV has a smaller angular error in most of
zones in the absence of light sources (0 LUX). It confirms, in a practical experimental way,
our previous hypothesis that a laser scanning multi-parametric robotic platform is a good
solution for inspection in darkness.

Furthermore, the presence of external light sources affects the acquired signal, directly
resulting in the necessity of filters or some other kinds of elements to reduce error or
increase the capability of the TVS to reach longer distances.

In Figure 11, the influence of external light sources (blue) on the detection signal can
be seen. The laser-reflected energy (signal represented in red) is surpassed by the light
source, providing errors in the TVS measurements. The external light source influence on
the signal produces a different error depending on the LP’s position in the FOV.
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length. Part of the signal of a 633 nm wavelength. Representation of the signal in total darkness (red).

Figure 12 is the mean spatial error of the TVS in different light conditions. In Figure 12,
it can be identified that the spatial error of the measurements taken with the TVS behave
similar to the errors in Figure 10. In addition, due to the spatial error being the summa-
rization of the coordinate measurement error in the three different axes, these errors could
mean that the resulting point cloud will be less reliable.

Mathematics 2024, 12, 1940 19 of 27 
 

 

 
Figure 12. Mean Spatial error. 

Analyzing Figures 10 and 12, and especially Figure 11, we can state a very important 
and novel contribution of the present work: in contrast to [1,15], we can simplify, without 
efficiency losses, the search of the most significant and dangerous damage of the pipeline, 
such as a complete perforation. We can conduct this with the artificial isolation of two 
complementary information flows; meanwhile, as the x,y,z coordinates of the scanned 
surface point come from the 3D laser scanner, the information about perforation comes 
from photosensor channel. When the signal shape in this informational channel changes 
instantly, such as the drastic change presented in Figure 11, the system detects the fault 
type “perforation” based only on an analysis of the optical conditions of lightening within 

in-pipeline darkness (this process is illustrated with operator “ All ” in the flow chart of 
Figure 8). Meanwhile, the coordinates x,y,z of this fault location come traditionally from 
the first informational channel. This is the first novel finding of our proposed method. It 
permits us to simplify and accelerate the detection of this dangerous defect, in comparison 
to [1,15]. It is important to note that this is obtained thanks to the use of other physical 
principles, albeit, however, from the same optical sensory part. This permits us to classify 
our TVS as multiparametric inspection system. From these experiments, in conclusion, it 
is important to note that the environment conditions inside the pipeline are suitable for 
the natural performance improvement of the scanning system, since, the majority of the 
time, the inspection environment will be in complete darkness (close to 0 LUX) due to the 
absence of light sources (other than the laser). 

4.3. Workspace 
With the intent to replicate the application conditions of a pipeline inspection, a 

wooden semi-cylinder surface was made to simulate the pipeline, providing both a sur-
face sample and darkness conditions (the simulated environments also reproduced the 
internal color condition and texture in controlled laboratory conditions). Therefore, prac-
tically, our device represents an optical laser scanner multi-parametric system mounted 
on an autonomous robotic platform, which uses a variable combination of various physi-
cal phenomenon to achieve a practical task, namely, to automatically detect defects occur-
ring in large-scale pipelines. 

4.4. Acquisition Algorithm Validation-Data Acquisition in Motion 
The scanning system was provided with measurement units, such as encoders (for 

the MR wheels), and the inertial platform (for the robot position changes), which were 
capable of displacement measurements and provided useful information about the MR 
surroundings, and which are utilized in the experimental stage of this paper. 

0
0.2
0.4
0.6
0.8

1
1.2
1.4
1.6
1.8

2

45 50 55 60 65 70 75 80 85 90

Sp
at

ia
l  

Er
ro

r i
n 

m
et

er
s (

m
)

LP's position in the TVS (FOV)
in degrees (°)

Mean Spatial Error

0 LUX 100 LUX 200 LUX

Figure 12. Mean Spatial error.

Analyzing Figures 10 and 12, and especially Figure 11, we can state a very important
and novel contribution of the present work: in contrast to [1,15], we can simplify, without
efficiency losses, the search of the most significant and dangerous damage of the pipeline,
such as a complete perforation. We can conduct this with the artificial isolation of two
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complementary information flows; meanwhile, as the x, y, z coordinates of the scanned
surface point come from the 3D laser scanner, the information about perforation comes
from photosensor channel. When the signal shape in this informational channel changes
instantly, such as the drastic change presented in Figure 11, the system detects the fault
type “perforation” based only on an analysis of the optical conditions of lightening within
in-pipeline darkness (this process is illustrated with operator “llA” in the flow chart of
Figure 8). Meanwhile, the coordinates x, y, z of this fault location come traditionally from
the first informational channel. This is the first novel finding of our proposed method. It
permits us to simplify and accelerate the detection of this dangerous defect, in comparison
to [1,15]. It is important to note that this is obtained thanks to the use of other physical
principles, albeit, however, from the same optical sensory part. This permits us to classify
our TVS as multiparametric inspection system. From these experiments, in conclusion, it
is important to note that the environment conditions inside the pipeline are suitable for
the natural performance improvement of the scanning system, since, the majority of the
time, the inspection environment will be in complete darkness (close to 0 LUX) due to the
absence of light sources (other than the laser).

4.3. Workspace

With the intent to replicate the application conditions of a pipeline inspection, a
wooden semi-cylinder surface was made to simulate the pipeline, providing both a surface
sample and darkness conditions (the simulated environments also reproduced the internal
color condition and texture in controlled laboratory conditions). Therefore, practically,
our device represents an optical laser scanner multi-parametric system mounted on an
autonomous robotic platform, which uses a variable combination of various physical
phenomenon to achieve a practical task, namely, to automatically detect defects occurring
in large-scale pipelines.

4.4. Acquisition Algorithm Validation-Data Acquisition in Motion

The scanning system was provided with measurement units, such as encoders (for
the MR wheels), and the inertial platform (for the robot position changes), which were
capable of displacement measurements and provided useful information about the MR
surroundings, and which are utilized in the experimental stage of this paper.

In the following section, we describe an experimental setup made to perform an
evaluation of precision and accuracy for the presented inspection method. Figure 5 shows
the experimental setup used to validate the performance of the scanning method in dynamic
conditions (using the mentioned approach of the displacement measurements, utilized
as translation and rotation parameters for the individual scans taken with the TVS), as
well as to demonstrate and quantify the advantage of the system working on different
light conditions. In Figure 13, the MR moves inside the pipeline section (simulated with a
wooden semi-cylinder surface, used to provide both surface sample and darkness chamber),
and the TVS scans the inner surface of the pipeline. As mentioned before, the robot’s
program is set to move at a quasi-static velocity (but still variable), giving the TVS enough
time to perform scans. The TVS scans the internal pipeline section surface, and the robot´s
odometer and the displacement measurement units store the motion data to apply the
new position to the 3D data clouds measured using the TVS. The experiment consisted
of different individual scans of the TVS. While the MR moves along the pipeline section
length, it covers the entire surface of one lateral side of the pipeline. Figure 13 shows the
generation of a pipeline’s section. With one third of battery power, the MR will travel
along the pipeline. With the remaining power, it will return to its starting point, during its
movement back to the starting point it will scan the other half of the pipe. The individual
scans or side of the pipe are identified as iterations SSs, where s is the iteration number of
the ongoing pipeline inspection or the inspected side.
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Figure 13. Representation of Scanning Algorithm in the experimental setup. Point cloud generation
with MR’s displacement.

At any scan iteration, the displacement measurement units store the actual position
of the MR, and thus the TVS´s position (origin of coordinate system O′

x′y′z′ ) and every
single point taken by the TVS is translated and rotated with Equation (16) to generate a full
surface scan, combining both halves of these mentioned lateral side scans. The results of its
junction in a complete point-cloud of the scanned pipeline is presented below in this text.

The inspection system acquires one side of the pipeline (SSs) until the battery decreases
to a set power level, Bl1. At that moment, the MR turns in its own vertical axis with a skid-
steer-type movement. The orientation and position change of the MR is captured with the
accelerometric platform and stored in Tv, and

.
θMR(t) matrixes with proper correspondence

of ij. The opposite side of the pipe is acquired on the MR’s return to the beginning position
of the inspection. With this functioning, the MR completely performs the pipe’s section
inspection, and is capable of identifying defects in its profile.

Bearing in mind that the experiments to compare the TVS functioning in different
operation modes were performed using the experimental setup in Figure 14, the static
performance of the TVS prototype 2 (left on picture) was compare against the dynamic
functioning of the TVS prototype 4 (right side, which is used for the inspection system of
Figure 4).
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In the experimental setup of Figure 14, the TVS prototype 2 is taken as the original
coordinate system of reference O, and the prototype 4 is the O′ moving coordinate system
(moved in this experiment using a precise watch mechanism, joined with prototype 4
using a constantan wire), which is translated by Tv. In comparison, the entire point cloud
acquired with the prototype 2 can be evaluated using the RANSAC without point cloud
adjustments, whereas the point cloud acquired with prototype 4 should be aligned after
translations with Tv. This, due to deviation of the measured points in the FOVs, lowers
the precision zones. Nonetheless, the resulting point cloud’s deviations do not affect the
final result of the RANSAC evaluation. These experiments demonstrate that taking several
individual point clouds and combining them with a reference position stored at any time
in Tv creates results that are useful for analysis of large scale pipes. The addition of the
displacement measurement units of the MR to store the position changes in Tv enables the
inspection system to conform the internal pipeline surface due to the generation of the
translation and rotation vectors that are used to shape the entire 3D point cloud.

According to previous experiments, the used accelerometric platform/gyroscope has
a displacement error of 0.04 ± 0.01 mm to every single axis.

Figure 15 shows the point cloud acquired from the inspection made using the TVS in
the experimental set up. As can be observed, the measured point cloud presents the inner
surface curvature of the pipeline. Figure 16 shows the final point cloud acquired after the
second side of the pipelines has been scanned and both have been adjusted using Equation (16).
The TVS proves to be useful in the representation of the pipe’s cylindrical profile.
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Due to setup constraints (we could only access to half of a pipe wooden model), the
experimentation focused on real acquired data. Therefore, the point clouds and graphics
presented are just the upper half of a pipe. However, for the lower part of the internal
surface of the pipe, this algorithm will not differ significantly. It will just suppose some
smaller mathematical changes in the assignment of the Cartesian coordinates. It is expedient
to note that, for scanning efficiency to increase, the whole scanning can be divided and
then composed by performing scanning during both travel parts, being the straight and the
return pass.

After the first experiments, it is necessary to test the use of the RANSAC algorithm to
identify outliers in the point clouds acquired using the inspection system and verify their
efficiency in the identification of the pipeline condition. As explained in the methodology
Section 3, the algorithm of Figure 8 will intend to verify the circular profile of the pipe in
its operator “RANSAC”, verifying the condition (20). Then, adding to this process axis of
time, we will verify the cylindrical profile of the whole pipe.

By profiling point-clouds into circles, it was possible to obtain the following results.
The left graphic in Figure 17 shows the first profile fitting with the algorithm unaltered

and with a threshold of 0.01 mm. As can be observed, most of the points were tagged or
identified as outliers; this is due to the TVS intrinsic error in measurements. In the middle
graph of Figure 17, the profiling result after adjusting the threshold to the measurement
spatial error of the TVS is shown, which is 0.5 mm. In this case, 87% of the original point
cloud is used to evaluate the pipe’s conditions. With the adjustment of the threshold, the
RANSAC successfully identifies outliers that are far from the point cloud that defines
the pipe. In this case, the algorithm identifies the circle parameters correctly: diameter
and center. Is important to notice that, to identify the dimensions of the pipeline with
the point cloud, most of the points in the cloud would not be useful, since the intrinsic
error deviations of the TVS measurements will produce a distorted cloud. Therefore, a
post-process of the point cloud to acquire the pipe dimensions and characteristics would
be needed. Therefore, this experiment demonstrated the utility of the RANSAC algorithm
to the specific application. The algorithm gets modified to classify outliers in different
ways depending on certain conditions. Figure 17, right graph, shows the point cloud taken
with the presence of a foam obstacle in the interior of the pipeline surface; after profiling
the pipe dimensions, it is also noticed that a group of outliers in the interior of the circle
represents an obstacle.

The second novel finding of our proposed method can be stated, also based on the
analysis of Figures 17 and 18. It is also mostly focused on the system robustness increase
by means of a simplified and de-synthesized analysis algorithm. Really, as we can see in
Figure 17, we can see several interesting aspects. The detected internal profile deformation
(simulated in the experiment as a piece of foam mounted on the pipeline wall) can be
recognized using the optical system as outliers of defect location. If the external outliers of
Figure 17 are robustly deleted using RANSAC, by comparison, under the simple condition
“point outside the detected profile or not”, the internal points of Figure 17 can be classified
under a still simpler condition: the system is verifying (in the inspection-control algorithm
of Figure 8) the density of points in this cloud of “internal outliers”. If the distance between
such two adjacent outliers is more than the experimentally detected value Z = 3 cm, such
points are really outliers, and its coordinates can be deleted from a memory of the inspection
multisystem. But, if the distance between points is lower than Z, such a point cloud is the
detected internal pipeline defect, and its 3D coordinates are immediately the ones of the
localized deformation. The practical efficiency of such an original approach is confirmed
and illustrated in Figure 18, where such a defect during the experiment was simulated
using two separated pieces of foam mounted on the same inconvenient-for-scanning upper
horizontal point of pipeline.
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Figure 17. First profile fitting with RANSAC, threshold (t = 0.01 mm). Ideal, red: Outliers (will
be eliminated from the result), and blue (Inliers) will be kept for the result. Second profile fitting
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(t = 0.5 mm). Red (Outliers), and blue (Inliers).
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blue (possible object). Point cloud junction at the top of the circle’s profile.

Finally, the third novel finding is the possibility that the independent wheeled mo-
bile robotic platform system decouples the size of our MR from the own pipeline’s size,
which permits us to practically explore the pipelines of different diameters or even with
variable diameters, which is completely impossible, for example in method [13]. The cheap
technology of 3D printing used for most parts of our mobile robotic platform multisystem,
including parts of the optical 3D laser scanning TVS, in practice permits us to vary, almost
without constrains, the size of our MR, adjusting it to any diameter of pipe.
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5. Conclusions

This research presents an inspection methodology for the structural integrity esti-
mation of pipelines using the TVS Laser Scanner. The main challenge of this work was
to present a reduced mathematical formalism, which at the same time can help to reach
two mutually exclusive objectives: permit the computational system to use less time and
resources for computation, and attribute the robustness/insensitivity directly to the cal-
culation stage, avoiding, in this way, the processing of redundant information for defect
detection. Robust mathematics, in our case, is a synthetized term, aiming to highlight
its relation to the term of robustness in control, where the lower sensitivity to different
kinds of physical perturbances is achieved thanks to the consecutive application of two
independent proposed mathematical tools: dynamic triangulation formalism for obtaining
3D point clouds of the scanned surface, and RANSAC algorithm formalism in order to
simplify cut-off criterion for classified outliers. It has been determined that the measuring
system (TVS) can meet the application requirements for the selected task. In addition, the
collaborative work between the TVS and the MR is suitable for the in-site inspection of
a pipeline.

According to the previous results presented in [11], the RANSAC algorithm helps
in identifying a pipe’s profile using accelerated outlier recognition. Furthermore, as new
experiments show, outlier identification becomes a logical preliminary stage for defect
detection and classification according to the algorithm presented in Section 3. In addition,
the point-cloud’s efficiency improves due to the natural properties of our original optical
laser scanning system involved in the mobile robotic platform, which uses an estimation of
cross-correlated physical parameters to detect a versality of defects in a pipeline.

Thanks to the simplified and robust algorithm of the outliers’ detection, our op-
tical system obtained the ability to detect the profile changes with appropriate uncer-
tainty. Due to its robustness, the MR can perform the inspection and 3D surface mea-
surements in a movement without losses of confidence, which enhances the inspection’s
practical efficiency.

RANSAC’s application has two advantages: that already mentioned in [11] of a higher
measured point’s utilization (point cloud’s efficiency), and the possibility of defect classi-
fication by analyzing the outliers’ relative position concerning the circle profile’s center.
Experimental results in [11] demonstrate that using a threshold level of 0.5 mm increases
the useful point quantity to 80.87% from a point cloud sample of 800 measurements. Never-
theless, in the same previous research, the percentage of potential defects in the total point
cloud was 17.82%; by applying the detection algorithm developed in Section 3, the outlier
percentage of potential defects results in 16.79%. This is due to the outliers’ evaluation with
the neighborhood algorithm and radial distance from the circle profile’s center.

System efficiency is considered to be enhanced by giving utility to most measurements,
and by the avoidance of extra scanning and processing stages for a pipes’ feature analysis.

Prototype and Further Applications

The following observations are research areas where the system could improve in
future work. They are as follows: Firstly, modification to the RANSAC algorithm to cylinder
fitting (instead of circle profiles) for defect classification; this would be to compare both
fitting performances and find the optimized operation. Secondly, the k variable (sample
number) average; it is significant in the precision improvement of the TVS measurements
to be able to improve this, and the SA, PL, and the Teensy-sampling rate of the TVS should
improve or be optimized.
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