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Robotics can play a crucial role in the condition assessment of critical infrastructure assets

such as underground drinking water pipes. Currently, water utilities worldwide spend

billions of dollars every year to reliably inspect and rehabilitate corroding and deteriorating

pipes. Internal pipe linings are widely used as a renewal method to increase structural

strength. Post pipe-lining quality assurance and long-term performance monitoring of the

applied liners are essential for maintaining pipe assets. In this regard, this thesis focuses

on the development of a multi-sensor approach to liner defect mapping in underground

human-altered environments.

A mobile robotic sensing system that can scan, detect, locate, and measure internal

pipeline defects is proposed. This is achieved by generating three-dimensional RGB-D

maps using stereo camera vision in combination with an infrared laser profiling unit. The

system does not involve complex calibration procedures and utilises orientation

correction to provide accurate real-time RGB-D maps. Defects are identified and colour

mapped for easier visualisation. The robotic sensing system was extensively tested under

laboratory conditions, followed by field deployment in buried water pipes in Sydney,

Australia. The experimental results showed that the RGB-D maps were generated with

millimetre-level accuracy and with demonstrated liner defect quantification.

The accuracy of the map is dependent on the robot localisation. Therefore, a

cost-effective UHF-RFID tags were used for robot localisation inside pipelines. The
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results showed that unlike outdoor RFID localisation, inside the pipeline, the signal

behaves uniquely, which makes the localisation task challenging and unique. Signal

processing using a Gaussian process combined particle filter was applied to accurately

localise the robot. Experiments carried out on field-extracted pipe samples from the

Sydney Water pipe network showed that using the RSSI and Phase data together in the

measurement model with the particle filter algorithm improves the localisation accuracy

up to millimetre-level, through utilisation of a two-antenna sensor model.

Robot localisation assumes an accurate map. In pipes, this is tedious and therefore

SLAM is desirable. A novel solution for SLAM using UHF-RFID signal processing for

underground pipe environments is proposed. The problem was formulated as a

Graph-SLAM combining signal cross-correlation and mapping with respect to the RFID

sensor measurements. Experiments in the laboratory showed that the solution can

localise the robot with 2.5-centimetres accuracy while building the RFID map. The

results showed that the solution allows accurate identification of defect locations in a

50-meter long pipe, and performs vastly better than standard encoder-based localisation

methods.
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Chapter 1

Introduction

Robotics and artificial intelligence never cease to amaze with their advancements. This

is an era in which robots are becoming human’s best friend. Tasks formerly deemed

highly complicated and dangerous have become simplified and safe, allowing people to

perform their activities more efficiently and securely. Robotics has made its mark in

almost every possible domain including space exploration, manufacturing, military defence,

security, health care, household services, transportation, agriculture, emergency response,

construction, and maintenance, to name a few. When it comes to the field of maintenance,

robotics plays a major role in managing underground infrastructure assets.

Globally there are millions of kilometres of underground pipelines that transport necessities

for humankind such as drinking water, household gas, and waste water. Over time, those

pipe assets can degrade due to a combination of environmental factors and characteristics

such as pipe material, age, size, the nature of the transported material, soil condition, and

internal and external pressure [6, 7]. Therefore, it is of paramount importance to identify

such degradation to minimise the potential for catastrophic pipe failures and leakages

[8]. However, as pipes may be very narrow and are mostly underground, monitoring or

inspection is a difficult task due to complexities associated with bends, accessibility, and

residue. Even in larger pipes, human entry to such confined spaces to enable visual and

physical inspection is associated with high health and safety risks.

1
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Therefore service utilities use a variety of robotic technologies [9–14] to monitor and

identify degrading regions of pipelines. Following discovery of such issues, water utilities

may opt to employ interventions including replacement. The estimated expenses of pipe

replacement range from AU$400/m (for small pipes) to AU$4,000/m (for large pipes)

[15]. This means that it costs water utilities millions or billions of dollars every year to

maintain their underground pipeline infrastructure. For example, in Australia, AU$100

billion is estimated as the cost of replacing the entire pipe network [16]. Around AU$5

billion is estimated as the urgent pipe replacement cost and around AU$2.5 billion as the

maintenance cost over a period of five years [16].

1.1 Research Background

In Australia, to address this problem, water utilities use pipe lining technologies such as

Cured-In-Place-Pipe (CIPP) [17–19] and spray liners [20–22] to prevent corrosion of the

metallic pipes and extend the service life of those assets at a lower cost, providing a cost-

effective alternative to pipe replacement. Pipe linings are protective coatings applied to

the pipe surface. They are made of a resin-based epoxy formulation that mainly consists

of polyurea and polyurethane; or a flexible tube made of felt and fibreglass-like materials

to prevent pipe surface corrosion [15, 23]. Fig. 1.1 shows examples of corroded and liner

applied pipe samples. However, the integrity of pipe linings may diminish over time for a

number of reasons, including improper application or curing of linings in the short term,

which can lead to physical flaws such as folds, wrinkles, dimples, and bulges in the long

term [3, 15, 24, 25]. Hence, these pipelines need to be monitored using a non-invasive

sensing technology before and after application of liners to identify any signs of corrosion

and assess the quality of applied liners. Since pipe environments are confined and hostile,

robots have emerged as effective means of monitoring the evolution of liner defects.

Currently, the most commonly used robots for monitoring pipes are traditional Closed

Circuit Television (CCTV) camera-based crawler robots with wheel or tether line

encoder odometry tracking systems [26]. However, they only offer visual cues, which

provides limited information for decision making and does not provide the quantitative

measurements required to critically assess the condition of a pipe to avoid catastrophic
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Figure 1.1: Corroded and liner applied pipe samples [1].

failure. Solutions such as embedded sensors in pipes to monitor their condition are still

futuristic [27]. There have been attempts to utilise 3D reconstruction technologies such

as Light Detection and Ranging (LiDAR) [28, 29], and Time of Flight (ToF) cameras [30]

to assess the internal surface of large-diameter pipes and tunnels, that require only

centimetre-level accuracy. However, such technologies do not provide the millimetre-level

accuracy required to properly assess smaller scale defects in smaller-diameter pipes

[31–33].

Pipes can be very slippery for robots because of the presence of water puddles and

mould, rendering the traditional technique of utilising wheel odometers for in-pipe robot

localisation inaccurate in terms of position estimating [8]. Most of the popular outdoor

localisation technologies, such as Global Positioning System (GPS), cannot be used in

pipelines because of GPS signal limitations in pipe environments [34]. Dead reckoning

techniques based on Inertial Measurement Units (IMU) which employ magnetometers

and accelerometres to provide absolute measurements of heading and downward

directions are not suitable for in-pipe robot localisation, primarily because the

magnetometer component will not provide an accurate measurement of heading angles,

and can cause drift [35]. Popular outdoor localisation methods such as visual

Simultaneous Localisation and Mapping (SLAM) prevent challenges in underground

pipeline infrastructure because of human alterations and long-term visual feature

variation in changing environmental conditions.
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1.2 Research Motivation

Pipe lining technology has the potential to extend the life of pipes by up to 50 years,

providing a cost-effective alternative to more expensive pipe replacement and thus saving

millions of dollars for water utilities annually . Therefore, the Australian Government

has funded a multi-million-dollar industry research project entitled ”Smart Linings for

Pipes and Infrastructure” Cooperative Research Centres Project (CRC-P), involving more

than 30 partners including water utilities to research in improved lining and monitoring

technologies. In collaboration with the Water Services Association of Australia (WSAA),

water utilities, liner/coating manufacturers, liner/coating applicators, and researchers, the

project aims to develop standards and specifications for fit-for-purpose liners/coatings with

smart sensing/robotic capabilities to improve the utilisation of linings. The research team

from the University of Technology Sydney (UTS) is developing robotic sensing systems

for Long Term Performance Monitoring (LTPM) and Post Application Quality Assurance

(PAQA) of liners/coatings as part of the CRC-P. PAQA is critical in pipeline rehabilitation

because it establishes benchmarks for liner applicators in regard to the required quality

assurance for liners, giving utilities confidence in the product delivery and application [15].

Further, non-invasive LTPM would enable utilities to predict when their assets need to

be repaired. There are currently no tools or procedures for successful use of this form of

assessment.

The outcome of this research will eventually set standards and guidance for performing

analytical tests for liner validation. It will further improve the design and application of

smart lining products. Most importantly, it will save billions of dollars for the government

by extending the service life of its underground pipe assets and prevent catastrophic pipe

failures that cause disruptions to public and environmental health.

Additionally, the outcome of this research will contribute to the advancement of field

robotics with improved sensing technologies for infrastructure condition assessment, and

introduce robot localisation technologies outside the norm.
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1.3 Research Problem

The main problems that need to be addressed in this research are:

• Research Problem 1: Improper application of liners to pipelines may lead to liner

defects in the pipe. Therefore, sensing these defects is important for PAQA. While

current robotic technologies are capable of detecting defects, they cannot quantify

them to critically assess the quality of liner application. Thus, the research problem

is, how to develop a robotic technology that can detect, process, and quantify defects

in pipes through non invasive sensing and data appropriate processing? The solution

must be capable of identifying defects, and measuring and categorising them based

on the severity of the damage to the liners.

• Research Problem 2: To monitor the evolution of liner defects by comparing profiles

acquired at different times, an accurate robot localisation is required. Therefore,

the research questions is, how to achieve an accurate and reliable in-pipe robot

localisation where the pipe internal structure is subjected to change? The solution

must be capable of accurately localising identified defects monitored at different times

using a multi-sensor robotic platform, without being affected by the human-altered

environment inside pipelines in the long term.

1.4 Principal Contributions

The principle contributions of this research are:

1. First, a stereo vision-based laser profiling system integrated with a mobile robotic

platform is proposed for real-time Red-Green-Blue Depth (RGB-D) mapping with

true colour information extracted from the pipelines using colour and Infrared (IR)

cameras. The proposed approach requires only a one-time calibration and generates

RGB-D mapping with millimetre level accuracy for pipe diameters ranging from 400

to 700 mm. The system generates heat-maps that highlight and measure defective

areas in scanned pipelines, which enables easy monitoring of damaged areas and
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damage evolution in the long term. Stereo vision is utilised to detect the orientation

of the robot by determining yaw and pitch parameters, which assists in accurate

RGB-D map building.

2. Second, a novel Ultra High Frequency (UHF)-Radio Frequency Identification (RFID)

signal-based in-pipe localisation system is proposed for the mobile robotic platform

to accurately localise the robot in known RFID terrains. The system is proposed

to employ a Gaussian process (GP) combined particle filter localisation approach

that utilises both Received Signal Strength Indicator (RSSI) and phase signals in

the measurement model to improve the localisation with a two-antenna hardware

model. The system performs significantly better than commonly used localisation

systems, and localises the robot with millimetre-level accuracy.

3. Third, an innovative UHF-RFID signal-based simultaneous localisation and mapping

system is proposed for the mobile robotic platform to localise accurately in long-rage

unknown RFID-mounted terrains inside the pipelines. The study of the unique RFID

signal patterns inside the pipeline leads to a new measurement model with signal

correlation techniques integrated into the SLAM algorithm to accurately localise the

robot. The proposed solution was tested in long pipe ranges. It performs significantly

better than commonly used localisation systems, producing approximately 2.5 cm

accuracy.

1.5 Publications

The following is a list of the publication outcomes from this thesis:

1.5.1 Journal articles

1. A. Gunatilake, L. Piyathilaka, A. Tran, V. K. Vishwanathan, K. Thiyagarajan,

and S. Kodagoda, “Stereo Vision Combined With Laser Profiling for Mapping of

Pipeline Internal Defects,” IEEE Sensors Journal, vol. 21, no. 10, pp. 11 926–11

934, 2021.
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2. A. Gunatilake, K.Thiyagarajan, S. Kodagoda, “A Novel UHF-RFID Dual

Antenna Signals Combined with Gaussian Process and Particle Filter for In-pipe

Robot Localization,” IEEE Robotics and Automation Letters. (Accepted for

publication.)

3. A. Gunatilake, K.Thiyagarajan, S. Kodagoda, “Robot Simultaneous Localization

and Mapping Inside Pipelines Using UHF-RFID Signals,” IEEE Robotics and

Automation Letters. (Under Review.)

1.5.2 Conference Proceedings (Peer-reviewed)

1. A. Gunatilake, L. Piyathilaka, S. Kodagoda, S. Barclay, and D. Vitanage,

“Real-Time 3D Profiling with RGB-D Mapping in Pipelines Using Stereo Camera

Vision and Structured IR Laser Ring,” in 2019 14th IEEE Conference on Industrial

Electronics and Applications (ICIEA), 2019, pp. 916–921, doi:

10.1109/ICIEA.2019.8834089.

2. A. Gunatilake, M. Galea, K. Thiyagarajan, S. Kodagoda, L. Piyathilaka and P.

Darji, “Using UHF-RFID Signals for Robot Localization Inside Pipelines,” in 2021

IEEE 16th Conference on Industrial Electronics and Applications (ICIEA), 2021, pp.

1109-1114, doi: 10.1109/ICIEA51954.2021.9516284.

3. A. Gunatilake, K.Thiyagarajan, S. Kodagoda, “Evaluation of Battery-free

UHF-RFID Sensor Wireless Signals for In-pipe Robotic Applications,” IEEE

Sensors Conference, 2021, pp. 1-4, doi: 10.1109/SENSORS47087.2021.9639827.

1.6 Thesis Layout

The remainder of this thesis is structured as follows:

Chapter 2 presents an improved laser profiling system that can scan, detect, locate,

and measure internal pipeline defects by generating 3D RGB-D maps using stereo camera

vision combined with an IR laser profiling unit. This work was published as [2, 3].
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Chapter 3 proposes a cost-effective localisation method using UHF-RFID signals for

robot localisation inside pipelines, based on a Gaussian Process (GP) combined particle

filter. This work was published as [4, 5].

Chapter 4 proposes a localisation and mapping system inside pipelines when RFID tag

locations are unknown, by using a novel measurement model with UHF-RFID signal

mapping technique with the SLAM algorithm. The system localises the robot with

higher accuracy than encoder-based localisation methods, while building a RFID tag

location map. This work is under review with IEEE Robotics and Automation Letters.

Chapter 5 summarises the research work presented in this thesis, presents conclusions,

and discusses the limitations of the presented work. It then outlines potential future

research in this area.



Chapter 2

Pipeline Internal Defects Mapping

Through Stereo Vision Combined

Laser Profiling

2.1 Introduction

Water and waste water pipes undergo severe metallic corrosion with age [12, 36, 37]. To

reduce the cost of pipe replacement, water utilities adopt a range of lining technologies

including spray liners and CIPP liners that can add a protective layer to mitigate the effects

of corrosion. However, these lining technologies can fail as a result of poor application,

internal pipe pressure, and environmental conditions over time. As part of the CRC-P

collaborative project, a survey was carried out with liner manufacturers, liner applicators,

researchers, and water utilities to identify the most important liner defect that can occur

after application. The survey outcomes showed that liner imperfections were considered

the most important defect that requires monitoring for quality assurance purposes [15].

Liner imperfections or defects include folds, wrinkles, dimples, and bulges in pipelines

[15, 23, 24]. Since the pipes are mostly underground, timely monitoring for fit-for-purpose

renewal to avoid failures is a significant challenge for water utilities around the world.

Human entry to such confined spaces for visual and physical inspections is impossible

9
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because of size constraints and in some cases is associated with high health and safety

risks.

Some pipe inspection robots [38–40] are more application oriented, being designed for

specific requirements, and some generic methods are not able to identify and quantify

defects accurately [41, 41–56] as they rely on traditional CCTV inspection. Currently, the

most commonly used inspection method for liner assessment is crawler robots based CCTV

cameras. However, these robots fail to provide critical structural information for making

accurate decisions regarding maintenance of underground infrastructure, because they only

provide visual information with not quantitative measurements. Several studies have used

CCTV camera vision with image processing algorithms or Artificial Neural Network (ANN)

based laser data fusion to inspect images captured from the inner surfaces of pipelines

[57–59]. These methods can identify major defects such as holes or cracks on the pipe

wall, but are not sufficiently accurate to sense delicate features that may indicate smaller

scale defects in liners. Several research groups are quantitatively assessing the quality of

liner applications, including via Pulsed Eddy Current (PEC), Ground Penetrating Radar

(GPR), and ultrasound sensing [13, 36, 37, 60–63]. Although they provide reasonable

subsurface level measurements, these sensors work in close contact with the pipe surface

to take spot measurements, which is highly time consuming and impractical in terms of

monitoring the entire pipe surface. To cover a large surface area in a short time, an array

of sensors can be utilized but this will increase the cost of the hardware significantly, as

the sensors are very expensive.

In the past, LiDAR sensing technology has been used to create 3D maps inside tunnels

and large diameter pipes [28]. LiDAR sensors are primarily designed to detect obstacles

and objects around the scanned area and are most suitable for long-range measurements.

Therefore, their accuracy is limited to a few centimetres [29]. Most pipe defects are smaller

up to sub-centimetre level and cannot be detected by LiDAR sensors. Further, these

sensors only provide distance measurements and do not provide true colour information

about the scanned surface in the 3D point cloud.

Cameras such as Realsense and Kinect, which project structured IR light patterns to

generate 3D point clouds [30], are commonly used in mobile robotic platforms. With
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structured IR light, patterns are projected in very close proximity; thus, when the

distance from the measured surface increases, the resolution of the project pattern

decreases, resulting in lower accuracy of measurement. Hence, it may not be possible to

detect or measure small defects in pipelines using such cameras [31–33].

Most recent studies have used monocular camera vision-based laser profiling with mobile

robots. This technology provides more accurate structural information. Measurement

accuracy depends on the camera resolution. Using this approach, several studies have

been undertaken to identify and quantify structural defects and calculate ovality changes

in pipelines [64–69]. The problem with monocular vision is that it needs extensive field

calibration under different environmental conditions. Further, because of the inability to

detect the lateral movements of the robot navigation, when these occur, the generated

3D maps become defective and the measurements become inaccurate. As these systems

have extensive field calibration requirements, the data gathered from such systems

cannot be processed and visualised in real time, and must be processed offline. This

limits opportunistic decision-making during robot deployment, requiring multiple

deployments to fill gaps in missed scan areas or collect high-resolution data in areas of

interest.

The most commonly used non-destructive method in water industries for scanning and

identifying defects in water pipelines is 3D laser profiling with mono camera vision [66,

70, 71]. This method uses a continuous red laser ring projection on the pipe wall that

is captured by a calibrated camera [71–73]. The system is mounted on top of a mobile

robotic platform and deployed inside the pipeline. When the laser line projects onto a

pipeline defect, small deviations are produced in the laser line projection and are captured

by the camera. Camera calibration parameters are used with simple trigonometry to

identify and measure the defects. The system requires traversal of the pipeline without

any lateral movements to achieve high accuracy. Slight deviations can create large errors

in the generated 3D point cloud. Further, this monocular system cannot capture colour

information from the pipe surface because the red laser projection overlays the true colour

information about the surface [74].

Therefore, current technologies available for 3D reconstruction of underground and
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internal surfaces are highly abstract and some of the most highly accurate technologies

are immobile, and time consuming in terms of data collection. To overcome the

limitations discussed above, this research proposes an improved laser profiling system

that utilises stereo camera vision with IR laser pattern projection (Fig. 2.1). The

proposed stereo system can calculate the depth of the laser projection, which helps

identify lateral movements of the robot using implemented algorithms, leading to

increased accuracy of 3D map reconstruction. The system is highly efficient and does not

require extensive field calibration at each deployment, unlike mono camera vision-based

laser profiling systems. Therefore, it can be effectively deployed in different environments

with a wide range of pipe diameters. As it does not require field calibration, while the

robot is traversing the pipeline, the system is capable of generating real-time 3D point

clouds. The use of an IR laser beam with IR and Red-Green-Blue (RGB) cameras,

instead of the traditional red laser, allows for extraction of the true colour information

from the pipe surface; thus generating accurate RGB-D maps. The data can be further

processed in real time to generate a heat map that highlights ovality changes in the pipe

surface, enabling easy visualisation and identification of defects.

Figure 2.1: The robot design with the laser profiling sensors [2].

The key contributions of this chapter are:
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• First, a stereo vision-based laser profiling system is proposed with an integrated

mobile robotic platform for real-time RGB-D mapping with true colour information

extracted from pipelines using colour and IR cameras. The proposed approach

requires only one-time calibration and generates RGB-D maps with 1-mm accuracy

for pipe diameters ranging from 400 to 700 mm.

• Second, the system generates heat maps that highlight and measure defective areas

in scanned pipelines, which enables easy monitoring of damaged areas and damage

evolution over the long term.

• Third, the stereo vision is utilised to detect the orientation of the robot by

determining yaw and pitch parameters, which assists in accurate RGB-D map

building.

2.2 3D Data Generation and Processing

This section describes algorithms used for camera calibration, stereo mapping, RGB

mapping, defect detection, and robot orientation estimation. The overall 3D data

generation and processing execution pipeline is shown in Fig. 2.2. Images from a camera

system are fed into image processing algorithms along with camera calibration

parameters. The laser projection is filtered and a 3D point cloud is generated using

stereo processing algorithms and the odometry received from the robot tracking system.

The odometry is further calibrated using orientation detection algorithms. The 3D point

cloud receives the colours extracted from the RGB image. Using circle detection and ray

casting algorithms, a heat map is generated by detecting ovality changes, which highlight

defects.
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Figure 2.2: Execution pipeline [3].

2.2.1 Camera Calibration

Camera calibration plays a major role in measurement accuracy because of various

factors in camera optics such as lens distortion, different camera focal lengths, and

camera misalignment [75–77]. Raw camera images are calibrated using Equation (2.1),

where x and y are the pixel coordinates for the original image; r is the radial distance

from the image centre to the pixel; k1, k2, k3, ..., kn are the radial distortion coefficients;

and n is the number of iterations:

x′
y′

 =

x
y

 [1 + k1r
2 + k2r

4 + k3r
6... + knr

2n] (2.1)

The distortion coefficients are estimated by utilising a checkerboard-like pattern.
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Stereo camera calibration is carried out using intrinsic and extrinsic camera parameters.

The 3D coordinates of the object are projected onto a Two-dimensional (2D) image plane

using Equation (2.2) with intrinsic and extrinsic camera parameters. (x, y) represents

the 2D image coordinates for the object; and (X,Y, Z) represents the 3D coordinates

for the object in the real world. The intrinsic camera parameters are (fx, fy) for focal

length, (cx, cy) for the optical centre, and (s) for the skew coefficient. The extrinsic camera

parameters consist of rotation coefficients (r11, ..r33) and translation coefficients (t1, t2, t3):


x

y

1

 =


fx s cx

0 fy cy

0 0 1



r11 r12 r13 t1

r21 r22 r23 t2

r31 r32 r33 t3



X

Y

Z

1

 (2.2)

Similar to the distortion parameter estimation, a checkerboard pattern is used for stereo

camera calibration. These calibration parameters are later used in the 3D reconstruction

process.

2.2.2 Stereo Image Processing

Stereo image processing is used to generate an accurate point cloud with true colours

mapped from the scanned pipe. The highest-intensity point is detected in one image to

identify the laser beam points, while the other image is searched along the epipolar lines

to find the corresponding points. Since the laser beam is circular, two intersection points

are detected during the epipolar line search. This is resolved by carrying out a directional

search starting from the centre of the image.

The disparity d between the two image features (Fig. 2.3) are calculated by Equation

(2.3), comparing the corresponding points from left and right image pairs. The

relationship between the real-world object coordinates and the image coordinates is

denoted by Equation (2.4), where f is the focal length, T is the distance between the two

focal points, P = (Xp, Yp, Zp) are the object position coordinates, pl = (xl, yl) is the left

camera image coordinate, and pr = (xr, yr) is the right camera image coordinate [78]:
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Figure 2.3: Stereo vision reference frames of the co-ordinate system.

d = (xl − xr) (2.3)

xl =
Xpf

Zp
; xr =

(Xp − T )f

Zp
; yl = yr =

Ypf

Zp
; (2.4)

From (2.3) and (2.4):

Zp = f
T

xl − xr
= f

T

d
; Xp = xl

T

d
; Yp = yl

T

d
(2.5)

The stereo-based depth estimation can be used to generate the 3D structure of the internal

pipe surface, and to calculate the orientation of the robot with respect to the pipe axis.

Further, it can be used to carry out RGB colour mapping of the 3D pipe.
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2.2.3 RGB Mapping

The calculated depth information is used for RGB mapping by stereo calibrating one IR

camera with one RGB camera and projecting the 3D points onto the colour image using

Equation 2.6:

px
py

 =

 sx 0 0

0 0 sz



Px

Py

Pz

+

cx
cz

 (2.6)

where, (Px, Py, Pz) are the 3D real-world coordinates, (px, py) defines the colour camera

image coordinates, s is an arbitrary scale factor, and c is an arbitrary offset.

Once the 3D point is projected onto the colour image, the RGB values of the mapping

location are taken and embedded into the generated point cloud. A high-level

implementation of the algorithm is given in Algorithm 1:

2.2.4 Defect Detection and Mapping

Defects are estimated from the colour heat map and ovality measurements through

detection of the centre of the pipe followed by casting. Through experimentation, it was

discovered that image processing functions available in OpenCV such as Hough Circle

did not offer a sufficiently accurate way to detect the centre of the pipe from captured

laser profile images. The main causes of the circle detection error are lighting changes

due to defects and various other surface irregularities. Therefore, a novel approach was

developed and implemented to detect the circle on the image, along with its centre.

First, the image is converted into a distance transform map using grayscale values. Then,

using matrix operations, a rough circle diameter is estimated to generate a dummy circle

at the centre of the image. Next, distance transform values are added along the generated

circle circumference by extracting the grayscale image. Then, by iteratively changing the

position of the circle and its radius, the algorithm searches for the minimum summation of

distance transform values along the circle circumference using an optimisation algorithm.
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Algorithm 1 Generate point cloud

/* I →image, L →left, R →right, C →circle, W →width P →points */
/* FUNCTION PARAMETERS */
IL, IR, IC , Odometry, CamParams, Threshold
/* INITIALIZATION OF VARIABLES */
CL : WIL/2
CR : WIR/2
PointCloud : []

IL : Undistort Image(IL, CamParams)
IR : Undistort Image(IR, CamParams)
I ′L, I

′
R : Rectify Images(IL, IR, CamParams)

PL : Extract Coordinates(I ′L, Threshold)
for all pl ∈ PL do

/* Search points along epipolar lines */
PR : Find Corresponding Points(I ′R, pl)
/* The search returns two, left and right points along epipolar lines */
for all pr ∈ PR do
if (xpr < CR && xpl < CL) || (xpr > CR && xpl > CL) then

[x, y, z] : Triangulate(pl, pr, CamParams)
[r, g, b] : Project([x, y, z], IC , CamParams)
z = z + Odometry
Point3D : [x, y, z, r, g, b]
PointCloud : Append(Point3D)

end if
end for

end for
return PointCloud

Let the camera image matrix be Ih,w, where height is h and width is w. Using the

Chebyshev distance transform function Dt, the image distance transform matrix Dh,w can

be defined as in Equation 2.7:

Dh,w = Dt(Ih,w) (2.7)

For any given two points, the difference of the x coordinate is ∆x and the difference of the

y coordinate is ∆y; then, the Chebyshev distance Dh,w matrix calculated using Equation

2.8: ∑
i,j

Dh,w(x, y) =

h∑
i=1

w∑
j=1

[maxi,j (|∆xi| , |∆yj |)] (2.8)
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As in Fig. 2.4, the circle centre is denoted by xc, yc and the radius is denoted by rc. Search

initialisation values are as in Equations 2.9, 2.10, and 2.11:

xc = w/2 (2.9)

yc = h/2 (2.10)

rc = [max(Iw) −min(Iw)]/2 (2.11)

Using Equation 2.12, the coordinates (P ) of the circle circumference are generated where

xi, yi is taken as a single coordinate:

(xi − xc)
2 + (yi − yc)

2 = r2c (2.12)

Now the distance transform values (V1, V2, ..., Vn) in the distance transform map D that

belongs to the circle circumference coordinates P are used to calculate the total sum T :

V = D(P ) (2.13)

T =

n∑
i=1

Vi (2.14)

The perfectly fitting circle Coptimum is found with minimising T by changing the values of

xc, yc, rc variables.

Coptimum = argmin
xc,yc,rc

(T | xc, yc, rc) (2.15)

(a) The laser projection view before circle
fitting.

(b) Projection of the optimum circle found
by the algorithm.

Figure 2.4: Circle fitting [3].
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Scan range

)

Figure 2.5: Ray casting [3].

Fig. 2.4 shows an example result from application of the optimal circle detection

algorithm. The optimum circle parameters are now used for ray casting. Existing ray

casting algorithms can be computationally demanding as they tend to start the scan

from the centre. Therefore, a dynamic scan range parameter is used to define a scan

region around the pipe surface. This minimises the unnecessary computational cost of

the algorithm.

Let x1, y1 be the starting point of the scan range (S) and x2, y2 be the end point of the

scan range. By defining the equation of a line with x, y and changing the angle (θ), rays

can be cast around the circle:

x1 = xc + [(rc − S/2) cos θ] (2.16)

y1 = yc + [(rc − S/2) sin θ] (2.17)

x2 = xc + [(rc + S/2) cos θ] (2.18)

y2 = yc + [(rc + S/2) sin θ] (2.19)

x− x1 =

[
y2 − y1
x2 − x1

]
(y − y1) (2.20)

The optimised ray casting algorithm can be used to cast rays around the laser projection

to scan and identify surface anomalies when generating the point cloud. Fig. 2.6 provides

an example of ray casting in a zoomed IR image, showing how the white pixels created
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Figure 2.6: Laser projection intensity [3].
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Figure 2.7: Gaussian curve fitting [3].

from the laser projection are not consistent, and thus that the ray scan along the red line

needs to determine the centre of the laser projection.

Most lasers tend to create a thick laser line on the projected surface because of the reflection

properties of the surface and defects (Fig. 2.6). The extracted distance transform values

are fitted with a Gaussian kernel to identify the midpoint of the thick laser line projection.

Fig. 2.7 shows an example Gaussian kernel used for laser intensity distribution of a ray

cast line.

Let µ be the mean and σ, the standard deviation of the calibrated coefficients; x is the

intensity variation; and i is the number of terms to be determined (which is four in the
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proposed system) for the Gaussian distribution G(x) as follows:

G(x) =
n∑

i=1

1

σ
√

2π
exp

[(
−1

2

(
(x− µ)

σ

))2
]

(2.21)

The location of the highest-intensity point is used to calculate the distance to the centre.

Similarly, all ray lines are examined to identify the highest-intensity location, to calculate

distances from the centre. The average radius is estimated and compared with all the

calculated distances from the radius to identify defects, and hence to generate a defect

heat map. A high-level implementation of the algorithm is demonstrated as in Algorithm

2:

Algorithm 2 Defect mapping

/* I →image, r →radius, c →circle*/
/* FUNCTION PARAMETERS */
I,Odometry
/* INITIALIZATION OF VARIABLES */
Range : 100 /* Dynamic param */
Resolution : 1000 /* Launch param */
Heatmap,Ovality

[xc, yc, rc] : Circle F itting(I)
step : 2π/Resolution
for all θ ∈ 0 : step : 2π do

[Xn Yn] : Ray Cast(Img, [xc, yc, rc], θ, Range)
gp : Gaussian Process([Xn Yn])
[x, y] : Get Highest Intensity Point(gp)
distance : |

√
(x− xc)2 + (y − yc)2|

error : distance− rc
Heatmap : Append(Odometry, θ, error)

end for
Ovality : [max(error) − min(error)]/rc
return Heatmap,Ovality

2.2.5 Orientation Detection

It is important to detect the orientation of the robot as it traverses inside the pipeline,

because in situations where the robot slightly rotates as a result of control noise, or when

it traverses over a hump or a ledge, its orientation will change, causing deformations in
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the point cloud. Having a mechanism to detect the orientation will help in aligning the

point cloud for better measurement accuracy.

An iterative closest point (ICP) algorithm [79] is implemented in the system to detect the

orientation of the robot by comparing the point clouds generated in laser profile scans.

First, a base point cloud (P ) that is in the estimated orientation when the robot correctly

aligns with the pipe orientation is chosen. Next, the point cloud (Q) with unknown

orientations is compared with the base point cloud to find the corresponding pairs of

points (pi, qj) by searching for the nearest points that align between the two point clouds:

P = {p1.........pn} ; Q = {q1.........qm} (2.22)

(pi, qj) = argmin
i,j

(
(xpi − xqj )

2 + (ypi − yqj )
2 + (zpi − zqj )

2
)

(2.23)

Then, minimising the summation of the squared error of rotation (R) and translation

(T ) of those corresponding points will allow us to estimate the optimal transformation

parameters:

E(R, T ) =

n,m∑
i=1, j=1

(pi −Rqj − T )2 (2.24)

To further optimise the calculation, translation parameters are chosen by taking the centre

of mass of the corresponding points of both sets (MQ,MP ). The centre of the circle is

translated from one data set to the other to generate a new point data set:

M = Mp −MQ (2.25)

p
′
i = {pi −M} (2.26)

E
′
(R) =

n,m∑
i=1, j=1

(p
′
i −Rqj)

2 (2.27)

Roptimum = argmin
R

(E′|R) (2.28)

A high-level implementation of the algorithm is demonstrated as in Algorithm 3:
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Algorithm 3 Orientation detection

/* FUNCTION PARAMETERS */
P − base,Q− current /* Point clouds*/
MP ,MQ /* centre of mass */
/* INITIALIZATION OF VARIABLES */
epre, Roptimum /* e →error, R →rotation */
i = 0, imax /* i →iteration */

M : MP −MQ

/* Translate current scan to base scan */
for all p ∈ P do
p′ = p−M

end for
/* Search for optimum rotation */
while (i < imax) do

R : Rotate
for all j ∈ 1 : n do
e = e + |p′

j −Rqj |2
end for
if (e < epre) then
epre = e
Roptimum = R

end if
i + +

end while
return Roptimum

2.3 Hardware Setup and Software Architecture

The mini-Pipe Inspection Robot (PIRO) system was developed as part of the Sydney

Water funded project, “Development of Sensor Suites and Robotic Deployment Strategies

for Condition Assessment of Concrete Sewer Walls.” It has two main components: a

robotic platform and a sensor suite. The robotic platform is equipped with basic pipeline

inspection functionalities such as tethered remote control, navigation inside pipes with

small water puddles, and CCTV inspection with a flashlight system. The robot is powered

and controlled via a 120-m-long tether connected to a control station. The sensor suite

consists of an IR laser, cameras, and on-board computer. The mini-PIRO is shown in Fig.

2.8.
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Figure 2.8: The mini-PIRO with sensors [3].

2.3.1 Sensor Suite

An IR laser and a conical mirror are used to project the circular laser line perpendicular

to the pipe wall. The laser probe is mounted at the front end of the robot using a length-

adjustable rod. The length of the rod is adjusted to achieve the best laser line visibility

for the camera image frames. The laser projection draws a continuous 360 degrees circle

over the pipe surface, enabling detection of structural differences throughout the scanning

surface area.

The IR laser beam was chosen to lie in the range of the IR camera wavelength so that

it is visible in the images. An RGB camera with an IR block filter is used so that the

laser ring does not appear in the RGB camera image. All three cameras are configured

to 1280 × 720 pixel resolution to extract high-definition images at a rate of 30 frames per

second. The two IR cameras are used to detect the laser ring projection in the captured

images and to generate a stereo-processed point cloud. Since the IR laser is not visible in

the RGB spectrum because of the IR filter, the RGB camera image data include colour

information for the scanning surface area, which can then be associated with the points

generated from the stereo cameras.
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As the mini-PIRO is operating in dark underground pipes, the quality of the RGB-D

mapping depends on camera exposure settings, laser intensity, and the robot lighting

system. IR cameras with IR laser projection work best in dark environments such as pipes.

RGB cameras require well-lit environments to capture the true colour. The brightness of

the light source may result in over exposure of both IR and RGB camera images. Therefore,

the camera exposure values and brightness of the light source need to be carefully chosen

for different environments and applications.

An encoder with 1,000 pulses per revolution is embedded into the wheels of the mini-

PIRO to track the location of the robot along the pipeline. Although encoders introduce

long-term bias into location estimates, at this stage of the application, they work well as

the initial intention is to build short-length pipe maps. Tether length can provide another

source of information about the location of the robot, which is reasonable at this stage.

The algorithms are implemented on a high-performance motherboard with an Intel 2.5-

GHz quad-core processor, 8 GB Random-Access Memory (RAM), and a 500 GB Solid

State Drive (SSD) internal storage memory. The system was tested extensively and found

to operate smoothly over a long period. The whole unit is secured against possible splashes

of water to protect the hardware.

2.3.2 Software Architecture

The software architecture (Fig. 2.9) is implemented using the Robotic Operating System

(ROS) framework based on C++ language and OpenCV libraries for image processing.

The computationally heavy functions in the code are modularised and distributed among

ROS nodes to work in parallel as separate threads, to improve real-time performance. Since

the robot is moving slow (0.2 m/s) to increase the pipe cross section resolution frame rate,

the optical flow cause by the movement is very low and negligible. Therefore, the software

architecture implementation does not take it into account for simplicity. The raw image

frames taken from the cameras are processed using pre-calibrated camera parameters and

algorithms implemented using the OpenCV framework, which generates a 2D point cloud

of the laser ring that contains the RGB-D vectors. Using the odometry information taken

from the robot wheel encoder, 2D point clouds generated from each camera image frames
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Figure 2.9: Software architecture [3].

are iteratively combined to generate a 3D map of the pipe surface. The final results are

visualised in real time using ROS Visualisation (RVIZ)-like tools. The system is automated

using Linux automation scripts to launch the full system with the single push of a button.

2.4 Experiments and Results

The sensor suites and algorithms were tested and validated through a set of experiments

conducted in different laboratory setups and in a utility-owned pipe section. The

purpose of these experiments was to validate the accuracy of 3D map measurements,

RGB-D mapping, defect mapping, orientation detection, and real-time performance of

laser profiling, and to evaluate the robustness of the system. The initial experiments

were conducted in the laboratory environment using different pipe samples acquired from

the field. To test the accuracy of measurements, some pipe samples were planted with

artificial defects with known dimensions as the ground truth. Once the system was

proven in the laboratory, several field trials were carried out to evaluate the robustness of

the system and to collect valuable data.
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Figure 2.10: Storm water pipe with artificial defects with benchmarks used in the
laboratory setup to validate sensing performance [3].

2.4.1 Sensor Suite Validation

To validate the sensors, a storm water pipe was arranged with artificial defects with known

dimensions placed around the pipe surface, to test the accuracy of measurements taken

from the 3D map. Fig. 2.10, 2.11g, and 2.11h show the laboratory test environment.

Artifacts with different thicknesses were attached to the internal pipe surface to validate

the measurements by comparing them with the ground truth (Fig. 2.10). Colour stripes

of red, green, and blue were placed on the pipe surface as shown in Fig. 2.10, to enable

validation of the colour alignment mapping. The second setup is shown in Fig. 2.11h,

and was focused more on validating the 3D measurements by scanning a triangular profile

made from styrofoam, as shown in Fig. 2.11g. This setup was carefully designed to provide

more detailed measurements for all required metrics.

An example of metric-scaled point clouds generated from the proposed sensor module

is provided in Fig. 2.11. Fig. 2.11a shows an RGB-D point cloud generated from the

proposed system and Fig. 2.11b shows the unwrapped version of the point cloud generated

using an unroll algorithm. The measurements are validated by comparing the point cloud
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(a) RGB-D point cloud generated from the
validation test pipe scan.

(b) The unwrapped RGB-D point cloud
generated from the laser profile.

(c) The unwrapped 3D point cloud with the
defects heat map.

(d) Point cloud defects thickness measurements.

(e) Point cloud defects size measurements. (f) 3D point cloud measurements of the
styrofoam artificial defects.

(g) Triangle-shaped artificial defect profile
constructed from styrofoam.

(h) Laboratory pipe scan with the styrofoam
artificial defects.

Figure 2.11: 3D point cloud measurement accuracy validation [3].



Chapter 2: Pipeline Internal Defects Mapping Through Stereo Vision Combined Laser
Profiling 30

measurements with the actual measurements taken from the physical pipe. Fig. 2.11d and

2.11e show the measurements taken at different locations to validate their accuracy.

2.4.2 Measurement Validation

 

Location 
Physical 

measurement (mm) 
Point cloud 

measurement (mm) 
Error 
(mm) 

Pipe diameter 445 445.36 0.36 

Fig. 9d Point 1 13 13.56 0.56 

Fig. 9d Point 2 6 6.05 0.05 

Fig. 9d Point 3 1 1.68 0.68 

Fig. 9d Point 4 14 31.15 17.15 

Fig. 9e Point 0-1 500 501.38 1.38 

Fig. 9e Point 2-3 250 251.86 1.86 

Fig. 9e Point 3-4 60 61.4 1.4 

Fig. 9e Point 5-6 250 254.25 4.25 

Fig. 9e Point 7-8 60 63.56 3.56 
Fig. 9e Point 9-10 
Fig. 9h right defect  

• Height 

• Length 
Fig. 9h left defect  

• Height 

• Length 

60 
 

110 
110 

 
110 
110  

64.02 
 

111.31 
109.72 

 
107.87 
115.16 

4.02 
 

1.31 
2.78 

 
2.13 
5.16 

Table 2.1: Evaluating measurements of artificial defects placed on the pipe surface [3].

Table 2.1 presents the most significant validations achieved for the generated point cloud

by comparing the point cloud measurements with the known dimensions of defects placed

on the pipe. Physical measurements were taken using a laser distance meter and vernier

caliper. Several points were randomly selected from the region of interest in the generated

3D point clouds using a point cloud analytical tool, and the average measurement compared

with physical measurements. In general, the thickness measurements were accurate to the

millimetre level, with some exceptions. For example, point 4 in Fig. 2.11d is erroneous

because of the dark colour surface. The black surface absorbs most of the projected IR laser

light and thus cameras cannot capture the relevant visual features in that area to generate

the 3D points for the cloud. Fig. 2.11e and Table 2.1 show that measurements for points

0–4, taken along the circumference of the surface (on the x-axis of the image), are accurate
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Figure 2.12: Root mean square deviation from ground truth [2].

to the millimetre level. However, measurements for points 5–10 (taken on the y-axis of the

image) have higher errors caused by the basic odometry received from the lateral movement

of the robot. The next stage of the research involves improving robot localisation to

address these errors. The last two rows in Table 2.1 (right defect and left defect locations)

compare the results taken from the Fig. 2.11f point cloud measurements with the ground

truth, which reflects the accuracy of the readings. Fig. 2.11a shows that the colours of

the point cloud are perfectly aligned with the locations of the defects, and therefore the

RGB-D mapping is accurate to the millimetre level. To further analyse the error deviation

across the circumference of the pipe, laser profiling was performed on a brand new 300-

mm-diameter polyvinyl chloride Polyvinyl Chloride (PVC) pipe for which precise ground

truth measurements are available. Fig. 2.12 shows the test result comparison of the laser

profile with the ground truth, with the Root Mean Square Error (RMSE) shown across the

circumference of the pipe for each sample period. To minimise costs, the purchased laser

ring projector was not the best available on the market. This resulted in some aspects of

the error patterns being created by noise from the projector itself.

Fig. 2.11c shows a point cloud that was run through the heat map algorithm to highlight

defects on the pipe surface based on their severity. A colour gradient was applied

throughout the point cloud to easily identify defects at millimetre-level accuracy. This is

the most crucial information for a water utility engineer for identifying and repairing

defects in the scanned pipeline. Further, as seen in Fig. 2.13, the proposed solution can

highlight wave-like patterns that cannot be seen by the naked eye. These results are

discussed in [2].
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Figure 2.13: Features of a PVC pipe that cannot be seen by the naked eye, highlighted
by a high-density heat map [3].

2.4.3 Performance Evaluation With Existing Technologies

The following outlines a comparative study undertaken with existing methods. A corroded

metal drinking water pipe extracted from a Sydney Water network was used to perform

these tests (Fig. 2.14a). First the pipe was scanned using a commercially available 3D

scanner (Creaform EXAscan 3D scanner model SYS-H3D-EXAD). This scanner generated

a 0.1-mm-accurate 3D mesh model, as shown in Fig. 2.14b. However, it was only able to

scan a small portion of the pipe because of limited manoeuvrability in a confined space.

Next, based on the literature [71–73], another mono camera system scan was performed

that generated a 3D point cloud with an accuracy of 7 mm in the best-case scenario.

These errors are susceptible to sudden changes in orientation of the robot because of

defects in the pipe that a mono camera system cannot detect or correct. Next, the scan

was repeated using the proposed stereo vision system, which generated a 3D point cloud

with accuracy of 1 mm, as shown in Fig. 2.14c. Then, all the 3D scan models were aligned

for comparative purposes (Fig. 2.14d). The accuracy of the methods was validated using

a 3D model evaluation software by comparing the measurements with those from a hand-

held Creaform scanner 3D model (Fig. 2.14e). The 3D mesh model was generated from

the point cloud for the proposed system using third-party software algorithms. Visualising

a heat map overlaying the mesh provides a clear indication of the defects (Fig. 2.14f).
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Feature 
Mono Camera Laser 
Profiler System 

Creaform handheld 3D 
scanner 

Proposed Laser 
Profiler System 

Measurement Accuracy 7 mm 0.1 mm 1 mm 

Mobility 
Deployable in a 
robotic platform 

Need a human to operate, 
limited maneuverability 

Deployable in a 
robotic platform 

Trackers Doesn't need trackers Need point markers Doesn’t need trackers 

Orientation Detection 

No orientation 
detection, slight 
rotations in robot 
introduce errors 

Detects orientation from 
marker references 

Detects orientation 
with stereo vision and 
correct errors 

Calibration 
Need field calibration 
for each deployment 

One time calibration One time calibration 

 

Method 

Table 2.2: Summary of performance comparisons of the proposed system with existing
3D scanning technologies.

Thus, the proposed system overcomes the limitations of other evaluated methods. Table

2.2 summarises the performance comparison results.

2.4.4 Orientation Validation

The following tests were carried out to validate the algorithms discussed in Section 2.2.5.

As shown in Fig. 2.15 various point clouds were generated by projecting a laser beam at

known angles inside the pipe. The first instance (Base) is taken as the reference point

cloud for comparison with the rest of the data using the algorithm. The second and third

instances are individual rotations of 10 degrees for the Y- and Z-axes, respectively. The

fourth instance is rotated by 10 degrees in each of the Y- and Z-axes. The final instance

is rotated by 10 degrees along the X-axis.

The generated data were loaded into the algorithm and the results compared with known

measurements to estimate accuracy, as shown in Table 2.3.

According to the comparisons, individual axis (pitch, yaw) rotations are accurate with

just 0.2 degrees error. When there is a rotation in both the pitch (Y) and yaw (Z) axes

at the same time the error increases to 3 degrees. Rotation in the roll (X) axis is ignored

as it cannot be detected accurately because of the symmetrical shape of the circular point

cloud.
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(a) Corroded metal pipe extracted from a
Sydney Water network. A red laser was used
instead of IR for image demonstration purposes.

(b) 3D scan generated from a Creaform hand-
held 3D scanner.

(c) Laser scan generated from the proposed
system.

(d) 3D scan and laser scan result comparisons.

(e) Measurement comparisons. (f) Point cloud for mesh feature validation.

Figure 2.14: Ground truth validation using an industrial 3D laser scanner [3].
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Figure 2.15: Test data generated from laser profile scans with fixed known angles to
validate the orientation detection [3].

 

Physical 
Orientation 
(Degrees) 

Z Rotation 
Detection 
(Degrees) 

Y Rotation 
Detection 
(Degrees) 

X Rotation 
Detection 
(Degrees) 

Y – 10  -0.0025866 9.851 -0.015133 

Z – 10  -9.8511 0.0025376 0.014715 

Y & Z – 10  7.0537 7.0008 0.43202 

X – 10  -0.000003 -0.000003 0.021256 

Table 2.3: Evaluating measurements from the orientation algorithm [3].

2.4.5 Field Trials and Data

The robot was first tested in a 5 metres long field-extracted pipe sample, as shown in Fig

2.16, to assess its robustness before deploying it in an actual underground pipeline. Fig.

2.16a shows the robot deployment inside the 5 metres long CIPP-lined pipe sample. Fig.

2.16b shows the 3D mesh generated from the point cloud data and Fig. 2.16c shows the

unwrapped version of the pipe sample. The results were validated by comparing the point

cloud data measurements with physical measurements taken from the pipe sample.

Next, the robot was deployed in real underground Sydney Water pipe networks as shown
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(a) Scanning a sample extracted
from an underground water

pipeline.

(b) Side view of the generated
3D mesh for the underground

water pipe sample.

(c) Unwrapped 3D mesh of the
underground CIPP liner water

pipe sample.

Figure 2.16: Laboratory tests on a field-extracted pipe sample [3].

(a) Preparation for robot deployment. (b) Deploying the robot into the pipeline.

Figure 2.17: Robot deployment in real Sydney Water underground pipeline.

in Fig. 2.17. Lowering of the robot using a crane into the underground pit pipeline

opening is shown in Fig. 2.17a. Deployment of the robot into the pipeline is illustrated

in Fig. 2.17b. The robot was tested in different underground pipe environments such

as spray-liner-coated pipelines, which had shiny surface, and a CIPP-lined pipeline with

a relatively rough surface. The robot was deployed in 60 metres long pipelines, in both

cases collecting around 120 m of data. Fig. 2.18b shows the robot being deployed in a

60 metres long spray-lined pipeline. The RGB camera feed from the robot is shown in

Fig. 2.18b. It further illustrates the corrosion signs at a pipe joint due to liner application
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(a) Laser profiling in an actual
underground water pipeline.

(b) Camera image of the
underground water pipeline

with spray liner coating.

(c) 3D point cloud generated for
the underground water pipeline

spray liner coating.

(d) Camera image of an actual
underground water pipeline

with CIPP liner coating.
(e) 3D point cloud for the CIPP

pipe liner coating.
(f) 3D mesh for the CIPP pipe

liner coating.

Figure 2.18: Field trial with 3D scan results [3].

errors. Fig. 2.18c shows the RGB-D point cloud generated from the system mapping the

real colours seen on the pipe surface. It further illustrates the liner application errors seen

in Fig. 2.18b accurately captured using the generated point cloud with true colours and

dimensions. Fig. 2.18d shows robot deployment in the 60-m CIPP-lined pipeline. The

RGB-D point cloud generated from the system can be seen in Fig. 2.18e. Fig. 2.18f shows

the 3D mesh for the scanned pipe generated offline using the point cloud data collected

during the real-time scan. This mesh is used later for visualisation in a virtual reality

system to enable further inspection, which provides a user experience similar to traversing

the pipeline.

2.4.5.1 Graphical User Interface

As a post-data processing procedure, a Graphical User Interface (GUI) was developed, as

shown in Fig. 2.19, to inspect and compare the data maps created in various trials. The

main role of this GUI is to measure the quality of pipe maintenance by comparing the

laser profile data gathered before and after application of pipe liners. It can compare post-

lining with pre-lining laser profile data. This enables inspection and comparison of data



Chapter 2: Pipeline Internal Defects Mapping Through Stereo Vision Combined Laser
Profiling 38

Figure 2.19: GUI developed to inspect laser profile data and compare pre-lining and
post-lining data sets

gathered at different times to monitor the evolution of damage to underground pipeline

infrastructure. Further, it can identify ovality changes in the pipeline, and produce CCTV

data, IR camera data, pipe defect heat map, and pipe measurements for every frame. The

interface was developed for easy use by third-party users. It was verified that millimetre-

level accuracy can be achieved from the system. The ability to measure pipe surface

changes accurately is important in pipe defect identification and quantification.

2.4.6 Real-time Performance

The system is implemented in ROS using its modularising capabilities to capture images at

30 frames per second (fps) from all three cameras in parallel while running the robot inside

pipelines. While the robot is in motion, the 30 frames per second frame rate provides a

higher resolution along the pipe axis cross sections when generating the point cloud. The

higher the frame rate, the higher the resolution in the longitudinal direction. The hardware

used in the prototype provides a maximum of 30 fps frame rate with high-definition image

resolution. In normal inspections, the robot runs inside the pipeline at a speed of 0.2 m/s

while generating a real-time point cloud Fig. 2.20. When in-depth inspection becomes
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Figure 2.20: Real-time 3D scan view from the software interface with heat map mode
enabled [3].

necessary, the robot runs at a slower speed to create a 1 mm accuracy point cloud. This

slow travel speed is required to increase accuracy. However, running at higher speed will

only reduce point cloud resolution; it will not affect real-time system performance. Further

information can be found in [2, 3]. Having real-time inspection capability is advantageous

during robot deployment as it provides the chance to further scan and gather more data

around regions of interest. This reduces the number of cycles of robot redeployment

significantly. Further, having the RGB-D information to gather colour values on the pipe

surface provides more information about defective areas, such as the degree of pipe surface

corrosion, as seen in Fig. 2.18b and Fig. 2.18c.

2.5 Summary

This chapter has presented the design and development of a robotic sensing system for

RGB-D mapping inside drinking water pipes. The proposed system utilises an IR stereo

camera vision system and an IR laser pattern projection-based sensing system along with

encoders for robot localisation. The data gathered are used to build true colour 3D maps

identifying defects and achieving millimetre-level accuracy. The system was first

comprehensively tested in laboratory settings, followed by field trials in a drinking water

pipeline in Sydney, Australia for performance evaluation. The experimental results

indicated that a 3D map generated for the internal pipe surface had millimetre-level
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accuracy and could efficiently detect changes in pipe ovality, and indicate surface

corrosion.

The current version of the robotic sensing system was developed for pipes ranging from 400

to 700 mm in diameter. In the future, the system could be extended to develop a robotic

system for pipes less than 400 mm in diameter. When the pipe wall has obstructions to

the laser projection from the camera, a shadowing effect occurs in the laser profile. Future

research could address this issue by means of adding/changing cameras from different

angles. Further research might be done to address the limitation discussed in this chapter,

whereby black surfaces present low measurement accuracy. This could be overcome by

utilising a high-intensity laser.

The proposed solution works well for short-range monitoring with millimetre-level

accuracy but, as stated in the 2.3.1 section, when it comes to long-range pipe scans in

the field, accuracy in the longitudinal direction decreases with travel distance because of

limitations in accurate robot localisation due to the commonly used standard wheel or

tether line encoder-based localisation methods for crawler robots. Encoders are effective

for localisation tasks over a short distance (several meters) because they are associated

with negligible errors, but when it comes to long-distance travel, errors accumulate,

which increases uncertainty and invalidates the localisation of defects. This will result in

difficulty in defect localisation and alignment of defects required to analyse their

evolution by comparison between scans taken at different times. Further, the scanning

direction or the entry point to the pipe layout may change over time to accommodate

maintenance requirements; therefore errors will be inconsistent, resulting in defect

alignment impossible in practice. Hence, in the next chapter a better localisation system

for long-range, in-pipe robots is discussed.

The following publications are the outcome of work presented in this chapter:

1. A. Gunatilake, L. Piyathilaka, A. Tran, V. K. Vishwanathan, K. Thiyagarajan,
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Vision and Structured IR Laser Ring,” in 2019 14th IEEE Conference on Industrial

Electronics and Applications(ICIEA), 2019, pp. 916–921, doi:

10.1109/ICIEA.2019.8834089.



Chapter 3

UHF-RFID Sensor Based In-pipe

Robot Localisation

3.1 Introduction

This chapter presents a solution to the limitations related to robot localisation inside

pipelines, as outlined in the Chapter 2.1 summary. One of the major requirements in

the CRC-P project is to monitor the evolution of pipe defects identified by the robot.

This requires the robot to be deployed at different times inside the pipeline to collect

laser profile data and compare them to identify and quantify the evolution of defects. To

compare defects, the laser profile scan regions for those defect locations must be properly

aligned using robot localisation parameters. The current robotic platform, which utilises

the laser profile solution proposed in Chapter 2.1, uses standard, commonly used encoder-

based odometry data to localise the robot because most crawler robots used to monitor

and repair underground infrastructure use standard wheel or tether line encoder-based

localisation methods. This solution works well for short-range pipe scans where defects can

be properly aligned to enable comparison of measurements, because encoders are effective

for localisation tasks over short distances (several metres) because they produce negligible

errors. However, for long-distance travel in a pipeline, the errors produced by the encoder

42
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accumulate, which increases uncertainty and invalidates robot localisation information.

This means that alignment of defects for measurement comparison is impossible.

Pipes may be very slippery for crawler robots because of the presence of water puddles

and mould, rendering the traditional technique of utilising wheel odometers for in-pipe

robot localisation inaccurate in terms of positioning estimates [8]. Dead reckoning

techniques based on IMU, employing magnetometers and accelerometers to provide

absolute measurements of the heading and downward direction are not suitable for

in-pipe robot localisation, primarily because the magnetometer component cannot

provide an accurate measurement of heading angles and can lead to drift [35]. In [80],

the location of the robot along the pipe was determined by the length of the cable from

the entrance of the pipeline to the current location of the robot. Similarly, method

proposed in [81] combined IMU data with tethered cable encoder data to calculate the

distance travelled by the in-pipe robot. Although reliable for short-distance inspections,

such methods are unreliable for long-distance inspections owing to the cables’ proclivity

to bend or coil during the inspection process. Several studies have evaluated the use of

Extreme Low Frequency Electromagnetic Pulse (ELF-EP) in-pipe localisation

[47, 82, 83], but some required sensors stationed outside the pipe, which is not very

practical. Further, sensor accuracy may be affected by the metallic pipe environment.

GPS, which can determine robot positions outdoors and in most indoor environments, is

disturbed by pipeline environments [34], where the robot has little to no connectivity

with GPS [84, 85]. To overcome limitations associated with the aforementioned

techniques, researchers have proposed visual odometry techniques such as visual SLAM

utilising stereo cameras [86], monocular cameras [87–89], RGB-D sensors combined with

machine learning algorithms [90], and a monocular fisheye camera [91] for in-pipe robot

localisation. These visual odometry methods work well when there is a sufficient number

of identifiable surface features or imperfections inside the pipeline; however, in the

context of the current work, pipes can appear symmetrical and have a limited number of

discernible surface features after the application of linings. To overcome the constraints

of visual odometry within pipes, researchers [35, 92, 93] have proposed using ultrasonic

sensors to measure the soil profile through the pipe wall for localisation. Although this

technique works well for plastic pipes, metallic pipes may present a significant challenge
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depending on their size, and not all drinking water pipes are underground; there are also

above ground pipelines. Other studies have elaborated on SLAM methods utilising

acoustic sensors [94–98]. They may not work in metallic pipes and in situations where

pipes are in the operational state, in which case water may absorb the sound waves,

further decreasing accuracy. Therefore, a different and more efficient contactless

localisation method is needed.

Currently, many wireless technologies and algorithms are under study for localisation in

outdoor and indoor environments [99–105]. In recent research RFID, localisation

technology has produced good localisation results for indoor environments [106, 107].

This is a cost-effective solution that is being researched for its ability to monitor

environmental conditions such as temperature, moisture, and acidity levels inside

pipelines, by embedding them as liner-embedded sensing technologies [108–110]. An

additional use of this technology might be as an effective contactless and wireless

localisation method that will not become dependent on environmental changes in the

pipe over time. In this way, RFID becomes more suitable for localisation using

UHF-RFID wireless signal processing. However, little research has focused on accurate

underground pipeline localisation using RFID signals and such studies have produced

information that is insufficiently accurate [93, 111, 112]. Unlike outdoor/indoor RFID

localisation, where the highest peak of the signal strength is the most likely location of

the RFID tag [105, 113], inside the pipeline, according to the simulations presented in

Section 3.3.2.1, the signal behaves uniquely, in that it bounces off the pipe surface

producing a ripple effect on the signal strength and creating multiple peak points [4, 5].

Further, Commercial Off the Shelf (COTS) RFID readers provide vague and uncertain

measurements, making them capable only of localising the RFID tag with square-metre

accuracy [114]; hence rendering the localisation task challenging and unique.

In this chapter, an improved localisation method is proposed for underground water

pipelines using COTS RFID components with a GP combined Particle Filter (PF)

algorithm [115, 116] that employs both RSSI and phase data in the measurement model

to achieve higher accuracy. Experiments were conducted in field-extracted water

pipelines from the Sydney Water network to identify the best RFID tags for the task and

best locations to deploy the RFID tags inside the pipe. The results showed that the



Chapter 3: UHF-RFID Sensor Based In-pipe Robot Localisation 45

proposed system achieved a precision of approximately 15 cm with a single antenna

model. To further improve accuracy, the signal behaviour of a two-antenna sensor model

was studied, and by improving the measurement model, localisation accuracy was

enhanced to millimetre level.

The key contributions of this chapter are:

• First, a UHF-RFID signal-based robotic localisation system is presented that uses

a particle filter combined with a GP algorithm. The accuracy of the localisation is

further enhanced by utilising Phase data in addition to RSSI data in the particle

filter measurement model.

• Second, the system can be used for robot localisation without the aid of any other

odometry systems after creating an initial measurement model, and can accurately

localise the robot to the millimetre level.

• Third, the system is capable of aligning the laser profile scans taken at different

times with millimetre-level accuracy to map the corresponding defects in each 3D

profile and monitor their evolution. The solution was tested in sample laboratory

pipes extracted from the Sydney Water network, simulating a 50 metres length.

The remainder of this chapter is organised as follows: Section 3.2 presents the problem

formulation. A single-RFID-antenna sensor model for robot localisation is then evaluated

in Section 3.3. To improve the localisation results, Section 3.4 presents a twin-antenna

sensor model. Finally, Section 3.5 summarises the main contributions of the chapter and

the research outcomes.

3.2 Problem Formulation

The initial simulations and experiments showed that in the open environment, RFID

localisation is somewhat straightforward because the signal strength curve contains only

one peak point, which relates to the most likely location of the robot [113]. However,

inside a pipe environment the signal strength curve has multiple peak points, making the
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robot location uncertain and the localisation task unique and difficult. Results in Fig. 3.6

comparing data on the location of Tag A inside and outside the pipe show how the signal

behaves differently in these two environmental conditions.

The RFID RSSI data and Phase data are first collected from the robot. The fading

effects of RSSI are significant in outside (outdoor, indoor) environment applications due

to the presence of obstacles. However, inside metallic pipe environments, the signals

behave somewhat different and therefore the fading effect is not so strong. Hence, the

unique signal pattern seen on the collected RSSI data, can be modelled using a GP. GPs

are ideal for complex likelihood models for a number of reasons: for example, they do not

require a representation of the environment; they are non-parametric models; they provide

uncertainty estimates, unlike other regression models; and the parameters can be learned

using training data [117–123]. Therefore, to filter out outliers, normalise the data, and

create a measurement model, GP regression modelling is used [117, 124].

Particle filter has many advantages for RFID based localisation including the feasibility

of handling complex motion and observation models and it can be scaled well using

parallelism. It further works for any dimensional systems as it is independent of the

system size. Particle filter has been used with RFID for robot localisation in the

literature [107, 125–135]. There are instances reported where the RFID RSSI

measurement model of the particle filter is improved by applying GP data [115, 116, 136].

3.2.1 Particle Filter Based In-Pipe Localisation Method

Let xt ∈ Rdx be the robot’s location (hidden variable) at time t and zt ∈ Rdz conditioned

to both RSSI and phase signal measurements received at time t. The observation model

can be defined as in Equation 3.1 and Equation 3.2:

xt = g(xt−1, ωt) (3.1)

zt = h(xt, vt) (3.2)
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where g : Rdx ×Rdω → Rdx and h : Rdx ×Rdv → Rdz are known functions; p(xt|xt−1) and

p(zt|xt) are probability distributions obtained from ωt ∈ Rdω and vt ∈ Rdv that are white-

noise independent of each other. The recursive form of filtering the sequential estimates

of distribution states at time t− 1 can be defined as in Equation 3.3:

p(xt|z1:t) ∝ p(zt|xt)
∫

p(xt|xt−1)p(xt−1|z1:t−1)dxt−1 (3.3)

To filter the sequential estimates of distribution at time t− 1, a number of N particles are

generated and distributed inside the pipe section in the form of Xt−1 =
{
x
(n)
t−1|w

(n)
t−1

}N

n=1
,

where w
(n)
t−1 are the weights generated for the particles. The distribution is approximated

using Equation 3.4:

p(xt−1|z1:t−1) ≈
N∑

n=1

w
(n)
t−1δ

(
xt−1 − x

(n)
t−1

)
(3.4)

where δ() is the Dirac delta function. Following this, an approximation of p(xt|z1:t) can

be defined as in Equation 3.5:

p(xt|z1:t) ∝ p(zt|xt)
N∑

n=1

w
(n)
t−1 p

(
xt|x(n)t−1

)
(3.5)

Unlike the RSSI data, which show a unique signal pattern that can be mapped to a GP

function, the phase data are somewhat noisy (Fig. 3.7). Therefore, different weight sets

are generated to give high priority to the RSSI data and low priority to the phase data.

Finally, they are combined to create an improved measurement model. Therefore, for a

given particle defined above, assuming there is no correlation between RSSI and phase

values, the weight (w) is generated as in Equation 3.6:

w = mean

∣∣∣∣∣∣
z∗g
z∗h

−

zg
zh

∣∣∣∣∣∣+

ξ
0

×

c 0

0 (1 − c)

 (3.6)

where zg is the predicted RSSI measurement from the GP model formulation in Section

3.2.2 that maps to the particle; zh is the raw phase signal measurement from the model that

maps to the particle; z∗g and z∗h are the RSSI and phase measurements received from the

robot at a particular instant; ξ is the uncertainty that comes from the GP measurement;
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and c is a normalisation parameter capturing the different noise levels of RSSI and phase

values.

As the GP models are learned independently for each RFID tag from each antenna, the

resulting predictions can lean towards over-confident estimates. To prevent such a

phenomenon, the likelihood model is smoothed using Equation 3.7:

p(zt[1:n]|xt) =

(
n∏

i=1

p(zt[i]|xt)

)γ

(3.7)

where γ is the smoothing coefficient, which lies between 0 and 1.

3.2.1.1 Particle Resampling

Let St−1 =
{{

x
(n)
t−1, w

(n)
t−1

}
, zt

}
be the state at (t − 1) that contains a set of particles

and weights. zt are the measurements sensed from the robot at time t. The following

procedure is iteratively executed for i = 1, 2, ...n, where St = ∅ is the new set and γ is the

normalisation factor for weights:

• Sample index î from discrete distribution given by wt−1.

• Sample xit from p(xt|xt−1) using xît−1

• Reweight wi
t = p

(
zt|xit

)
• Update factor γ = γ + wi

t

• Update new states St = St ∪
{
xit, w

i
t

}
• Normalise weights wi

t =
wi
t

γ
for i = 1, 2, ...n

3.2.2 Gaussian Process-based Measurement Model

Function–space view modelling was used to derive the GP, as described in [137]. Let S =

{(x1, y1), (x2, y2), ..., (xi, yi), ..., (xn, yn)} be the set of noisy RSSI training data samples,

where xi is the robot position and yi is the corresponding RSSI value received by the



Chapter 3: UHF-RFID Sensor Based In-pipe Robot Localisation 49

robot. The prediction model relating to the robot’s location and the RSSI measurement

can be learned in the form of function f as in Equation 3.8:

yi = f(xi) + ϵ (3.8)

where ϵ is the zero mean Gaussian noise with a known σ2
n variance. Since the robot’s

movements are considered to occur only along the axis of the pipeline, all input values xi

can be aggregated into vector x and all target yi values can be aggregated into vector y.

GP enables correlation of the RSSI signal strength function values at different data points

where the covariance of f(xp) and f(xq) values depends on the robot location input values

of xp and xq. This relationship can be learned in the form of a kernel k(xp, xq) to generate

the training data model. The squared exponential kernel is selected to learn the non-linear

regression problem, which is defined as in Equation 3.9:

k(xp, xq) = σ2
f exp

{
− 1

2β2
|xp − xq|2

}
(3.9)

where β and σ2
f are hyper-parameters. β is the scale parameter that estimates how

well the kernel fits between data points and σ2
f is the parameter that determines function

smoothness.

Once the data are trained, the kernel returns noisy signal observations based on robot

location input parameters. Therefore Equation 3.10 defines the covariance of the noisy

signal observations for the corresponding function:

cov(yp, yq) = k(xp, xq) + σ2
nδpq (3.10)

where δpq is either one or zero depending on p = q, and σ2
n is the observation noise. For

all robot locations x the corresponding covariance function observations y can be defined

as in Equation 3.11:

cov(y) = K + σ2
nI (3.11)

K[p, q] = k(xp, xq) (3.12)
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where K is the covariance matrix for all data inputs x.

Let x∗ be an arbitrary robot location, where the RSSI signal strength needs to be estimated

based on the function value f(x∗) from training data x and y. The posterior distribution

µx∗ and the associated uncertainty σ2
x∗ can be calculated as in Equation 3.13 and Equation

3.14:

µx∗ = kT
∗
(
K + σ2

nI
)−1

y (3.13)

σ2
x∗ = k(x∗, x∗) − kT

∗
(
K + σ2

nI
)−1

k∗ (3.14)

where k∗ is a covariance vector from the matrix K for corresponding input values.

Further, in GP when estimating hyper-parameters, to minimise the negative log marginal

likelihood, Equation 3.15 is used:

log p(y|x, θ) = −1

2
yT
(
K + σ2

nI
)−1

y − 1

2
log |K + σ2

nI| −
1

2
log 2π (3.15)

where θ =
{
σ2
n, β, σ

2
f

}
.

3.3 Single-UHF-RFID Antenna In-pipe Robot Localisation

Understanding of the signal behaviour is important in developing localisation systems.

Therefore, a simulation study was performed to study the behaviour of the UHF-RFID

signal inside metallic pipelines. A single UHF-RFID antenna prototype model was then

designed and developed for deployment via a crawler robot in a field-extracted pipeline

from the Sydney Water pipe network. Experiments were performed to study the feasibility

of the model and suitable hardware configurations, RFID sensor arrangements inside the

pipeline, and function parameters.
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3.3.1 Development of an In-pipe Robot System

3.3.1.1 Hardware Development

The sensor suite was built with COTS RFID components. A Thingmagic M6e Micro-LTE

UHF 2 port RFID reader module with the embedded developer kit was used to implement

the proposed system as it was easy to customise and actively supported by the open source

Python MercuryAPI software community. A single 915 MHz General Purpose Panel RF

antenna in the 902–928 MHz range with 5.5 dBi gain was used to support the module.

Three of the most commonly available chip-based RFID tag types (Fig. 3.5) were used to

conduct experiments to evaluate and identify the most suitable tag type for the proposed

system to achieve the best results. A Jetson Nano Developer kit board with Quad-core

ARM 1.43 GHz Central Processing Unit (CPU), 4 GB 64-bit Low-Power Double Data

Rate (LPDDR)-4 RAM was used as the central processing unit to run the implemented

system. The whole hardware system was assembled inside an enclosure and mounted on

top of a robotic platform for deployment, as shown in Fig. 3.1. A rotary encoder with

1,024 pulses per revolution was fixed to the robot wheels to collect odometry data from

the robot for validations.

3.3.1.2 Software Development

The components of the software architecture (Fig. 3.2) are implemented using the ROS

framework to gain the flexibility to modularise each component, as well as cross-language

software support. Each individual component is implemented as a ROS node to make them

communicate with each other effectively. As the RFID hardware module is supported with

a Python Mercury API library, the RFID reader module is implemented with Python.

To gain more flexibility and structure for the implementation, the core integration and

algorithms are implemented as C++ components. The robot wheel encoder electronics

that receives the initial odometry data to create measurement maps for the particle filter is

implemented using Arduino components. Finally, the estimated particle filter localisation

predictions based on the previously trained measurement maps are displayed on RVIZ-like

visualisation systems. At initial deployment, the robot collects RFID and odometry data
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Figure 3.1: Robot with a single UHF-RFID antenna sensor model mounted on top [4].

to publish as ROS topics, which are used to generate the measurement models. In following

deployments, when the system does not have the wheel odometry data, the particle filter

is able to localise the robot using the RFID data and the measurement model.

3.3.2 Experiments and Results

3.3.2.1 Electromagnetic Field Simulation

Fig. 3.3 shows the simulation results from the use of CST Studio simulation software.

The first simulation was carried out in the open environment using a designed UHF-RFID
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Figure 3.2: Software architecture [4].

antenna with hardware configurations that match those of the actual antenna used in

practical experiments. The signal strength of the antenna was distributed evenly across

the space as an expanding radial field that decays along the distance, as shown in the

results (Fig. 3.3a). The same antenna was then moved inside a metallic pipe setting for

the next simulation. The signal is reflected from the pipe surface and travels further, as

seen in the results (Fig. 3.3b), giving the signal strength a ripple effect. This implies that

signals move farther and behave differently within a pipe environment, making the RFID

localisation task unique and challenging. Following the observation of these patterns,

functional experiments were conducted to explain the findings.

3.3.2.2 RFID Tag and Location Selection

Chip-based, battery-free RFID tags were chosen for the experiments because they can be

uniquely identified using the Electronic Product Code (EPC) value and they can be further

used to store extra information. Three different chip-based UHF-RFID tags (Fig. 3.5) were

tested to identify the tag that led to the best RFID localisation results: oil-impregnated
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(a) RFID reader antenna far-field simulation in the
open environment.

(b) RFID antenna far-field simulation inside the
pipeline environment.

Figure 3.3: CST Studio RFID simulation results [4].

Figure 3.4: RFID tag location comparison [4].

paper-based substrate with a non-coiled antenna (Fig. 3.5a); oil-impregnated paper-based

substrate with a coiled antenna (Fig. 3.5b); and strong metal-based substrate with a

non-coiled antenna (Fig. 3.5c). Fig. 3.6 compares the results for the different tags (Fig.

3.5) tested to identify the most suitable tag for localisation. These tags were placed in

the middle of the scanned length and the robot travelled from one end to the other. The

results clearly show that inside the pipe, signals travel far and create a reflected ripple

effect. Inside the pipe, the data are denser than those from the open space scan. Further,

when the antenna passes the tags, the signal strength and data density diminishes. Tag A

performed the best as its signal has low noise and produces a clear reflection pattern that

will assist the localisation algorithms. Fig. 3.7 compares the RSSI and phase data for a
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(a) Tag A. (b) Tag B. (c) Tag C.

Figure 3.5: RFID tags [4].

single tag. The RSSI data seem to have a more unique signal pattern than the phase data.

Next, the same experiment was conducted in two different environments: inside the pipe

and outside in the open, to compare the behaviour of the sensors. The tags were arranged

inside a 6m long, 600 mm diameter, field-extracted water pipe sample as shown in Fig.

3.8 and data were collected using the robot. This experiment was repeated by changing

the RFID tag location inside the pipe surface, at top, side, and bottom (Fig. 3.8d, 3.8c,

3.8b). The tests were then repeated by changing the distances (d) between RFID tags.

Fig. 3.4 shows the data collected by placing RFID tags in different locations in the pipe.

The three scans were done by placing a Tag A type in the middle of the pipe. The first

scan shows the tag placed in the bottom section of the pipe; the next, at the side of the

pipe; and the last, at the top crown of the pipe. The observations show that the top or

side are the best locations to place RFID tags because the tag doesn’t get covered from

the robot when receiving data while traversing [138].

3.3.2.3 UHF-RFID Sensor Signal Evaluation with Repeated Scans

An experiment was performed to determine the amount of signal deviation that would

occur if the scans were repeated on the same configuration with minor changes in UHF-

RFID sensor placement. Data were collected from five UHF-RFID sensors by spacing

them 1 m apart inside the pipe sample on the side wall and operating the robot at a

speed of 0.1 m/s, as shown in Fig. 3.9. Then, the UHF-RFID sensors were randomly

positioned (within a 10-cm area from the initial position) and the robot was deployed a
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Figure 3.6: Comparison of RFID tags [4].

Figure 3.7: RFID tag RSSI and phase data [4].
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(a) RFID experimental setup inside the pipeline.

(b) RFID tags placed on
the bottom of the pipe.

(c) RFID tags placed at
the side of the pipe.

(d) RFID tags placed at
the top of the pipe.

(e) RFID tags placed in
an open area.

Figure 3.8: RFID test setups [4].

second time to collect data, as illustrated in Fig. 3.9, showing the round 2 data pattern.

The data are interpolated up to a millimeter level to perform a detailed comparison. The

results indicate that the two data patterns align very well. The degree of divergence in

the results from two rounds of robotic scans was plotted on a histogram. As shown in

Fig. 3.10, the majority of the data fit within the ± 2 dB mean signal variation with a

correlation coefficient of 0.89. These experimental results provide confidence in the signal’s

repeatability, which will enhance localisation tasks. Further, these signal noises has been

used as the White Gaussian Noise characteristics for proposed algorithms.

3.3.2.4 Evaluating the Effects of UHF-RFID Signals with Different Hardware

Configurations

The effect of the UHF-RFID sensor signal pattern was examined by changing the

directional placement of the UHF-RFID reader antenna. The first scan was completed

with the antenna facing forwards, and the second scan was completed with the same

antenna facing backwards. Fig. 3.11 shows that the signal pattern changes as the
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Figure 3.9: UHF-RFID sensor wireless signal comparison for two robotic scans [5].

Figure 3.10: Histogram showing UHF-RFID sensor signal differences for each data point
[5].
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Figure 3.11: UHF-RFID sensor signal difference when the antenna faces the opposite
direction [5].

antenna direction changes, with a correlation coefficient of 0.0468. Thus, once the

training (initial) data set for robot localisation has been collected, the sensor model

cannot be altered as this would render the collected data obsolete. A second experiment

was conducted to determine the effect of the robot’s movement on the signal. One scan

was performed with the robot moving forwards and another with the robot moving

backwards. The direction in which the UHF-RFID reader’s antenna faced was not

changed at any stage. The two scans were then aligned to enable visualisation of the

signal difference, which is shown as the graph in Fig. 3.13, with a correlation coefficient

of 0.91. It is clear that the direction of travel of the robot has no effect on the

UHF-RFID sensor signal pattern. A third experiment was conducted to determine how

the signal pattern behaved when the robot’s speed was varied (0.1, 0.3, and 0.5 m/s).

The results indicated that driving speed had no effect on the signal pattern, although it

did influence the data frequency in that slower speed resulted in higher-resolution data

(Fig. 3.12).
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Figure 3.12: UHF-RFID sensor signal behaviour at different speeds of the robot.

Figure 3.13: UHF-RFID sensor signal behaviour when robot moving in different
directions.
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Figure 3.14: Wireless signal differences within the same family of UHF-RFID sensors
[5].

3.3.2.5 Evaluating the Signals of Same Type UHF-RFID Sensors

The purpose of this experiment was to determine the signal strength of various UHF-

RFID sensors of the same model. Independent scans were performed for each sensor by

placing them in the middle of the pipe and moving the robot from end to end. The

signal difference between the three sensors of the same type is shown in Fig. 3.14, with

a correlation coefficient of 0.64. Even though the sensors were of the same type, each

sensor’s signal appears to have a slightly different signal pattern when the antenna is not

close (highest peak) to the sensor. The localisation task will be aided by having relatively

distinctive signal signatures from each UHF-RFID sensor, as this will help to minimise the

search area.

3.3.2.6 Data Modelling

In-order to generate a more accurate measurement model the data capture during the

training phase need to match with the pipe system (environment). This will increase the

accuracy of the localisation and help in reducing the measurement noise. The collected

data were mapped with the robot’s odometry data to model the GP, which filters outliers

and provides a stable data input for training the particle filter algorithm. Fig. 3.15 depicts

the scan results for the 1 m apart tag distribution inside the water pipeline sample as shown

in Fig. 3.8a, 3.8c. The red fitted curve represents the GP model, which normalises the

raw data before they are used as the measurement model for the particle filter.
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Figure 3.15: RFID GP data modelling [4].

3.3.2.7 System Performance

Using these data models, the particle filter based localisation algorithm was tested in

a ROS simulated environment to evaluate different data collections and particle filter

configurations. The best results were achieved when the robot travelled at a maximum

speed of 0.1 m/s, where the RFID reader detects tags at a maximum rate of 50 tag readings

per second. The particle filter performance was evaluated with both a measurement model

employing RSSI data alone, and a combined data model with RSSI and phase data. Fig.

3.16, 3.17 shows the performance evaluation of the particle filter for localisation prediction

values. It is clear that there is a significant improvement in the localisation results when

both RSSI and phase data are used in the particle filter measurement model. The proposed

system achieved a precision of 15 cm accuracy in localisation results. A system performance

video [139] has been published in [4]. Finally, particle filter performance was evaluated

with different numbers of particle configurations, as shown in Fig. 3.18. The legend
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indicates the number of particles for each performance data curve. The results show that

maximum accuracy is captured with 300 particles. Increasing the number further (Fig.

3.18 p=400) reduces the performance of the system and increases the error rate, because

the prediction algorithms takes too long to process and respond.

Figure 3.16: Particle filter performance evaluation with different measurement models
[4].
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Figure 3.17: Error boundary representation of the particle filter performance evaluation
with different measurement models [4].

Figure 3.18: Particle filter performance evaluation against the number of particles [4].
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3.3.3 Discussion

A single-antenna UHF-RFID signal-based robotic system for in-pipe localisation was

presented in this section. The robotic localisation uses a particle filter combined with a

GP algorithm. By incorporating both RSSI and phase shift values into the particle filter

model, the localisation results are further enhanced. This scheme can be used for

localisation without the aid of odometry after creating the initial measurement model.

The system was validated in laboratory experiments by using a pipe sample extracted

from the Sydney Water pipe network. The best type of RFID tag, location to deploy

RFID tags, and their distribution inside the pipeline was identified, and the results

showed that the proposed system has 15 cm accuracy. However, to achieve better results

in laser profile measurements, 15 cm accuracy is not sufficient: millimetre-level accuracy

is required to measure smaller scale defects accurately. Although the number of RFID

tags deployed inside the pipeline can be increased to improve accuracy, a significant

number of RFID tags is already deployed with 1 m separation, so deploying more is not

practically feasible. Therefore, the following section explores different means of

increasing the UHF-RFID’s localisation accuracy.

3.4 Twin-UHF-RFID Antenna In-pipe Robot Localisation

In the search for improved localisation accuracy, the literature on outdoor and indoor

environment localisation [140–144] motivated exploration of a twin-antenna UHF-RFID

sensor model because particle filter accuracy improves with an increase in the number of

measurements. The experiments conducted in this section indicated that unique signals

measurements are generated from different antennas of the same model for a given RFID

tag. Therefore, the existing methodology was modified to accommodate the twin-antenna

UHF-RFID sensor model in terms of hardware, software, and measurement models for the

particle filter algorithm discussed in Section 3.2 to explore the possibilities of improving

the localisation accuracy.
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3.4.1 Development of an In-pipe Robot System

3.4.1.1 Hardware Development

The following modifications were made to the hardware model discussed in Section 3.3.1.1

to accommodate the twin-antenna UHF-RFID sensor module, as shown in Fig.3.19. Two

915 MHz General Purpose same model Panel RF antennas in the 902–928 MHz range with

5.5 dBi gain were used as the receiver antennas. An industry-standard IR laser distance

sensor with 80 m range and 1 mm accuracy was used to collect the robot’s ground truth

odometry and prepare more accurate measurement model. To enable comparison of the

performance with the standard wheel encoder-based odometry, a 2400 pulse-per-revolution

rotary encoder was used to record the odometry.

3.4.1.2 Software Development

The following modifications were made to the software architecture discussed in Section

3.3.1.2 to process the data efficiently and increase the accuracy of localisation, as shown

in Fig. 3.20. A new laser distance sensor that tracks the ground truth odometry of the

robot for preparing the measurement model was implemented as Arduino components.

The odometry data from the wheel encoders were also recorded for later performance

comparisons. The whole system implementation was improved with parallel thread

handling for parallel data collection from the two antennas and processing in real time.

The firmware of the RFID module was upgraded to receive 70 tag readings per second,

to increase the data resolution and improve accuracy. In the training phase, the location

mapper will combine the data with the robot’s odometry data that it receives from the

laser data publisher node. The Gaussian data modeler node will then filter and

normalise the data and store them as measurement data maps for later use in the

particle filter. In the localisation phase, the data received from the robot will be

analysed in the RSSI & phase data balancer node that will distribute the weights

according to the uncertainty values received from the pre-trained RSSI Gaussian process

signal matching and the raw phase data signal matching. Finally, using these data, the

particle filter algorithm will calculate the highest-probability robot location and publish
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Figure 3.19: Robot with RFID unit mounted on top.

it to the localiser node, which will be displayed using RVIZ-like location visualisers

through the location publisher node.

3.4.2 Robot Data Collection and Pre-processing for In-pipe Localisation

When integrating the second antenna into the model, the experiments showed that the

two antennas produce different signal signatures for the same RFID tags in the same

environment 3.22. This behaviour gave more confidence in using the two-antenna setup

because it is known from the literature [4, 130] that having more RFID tags (more unique

signals) improves the accuracy and having two unique signals from each RFID tag generates
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Figure 3.20: System architecture.

more signals without the need to increase the number of RFID tags, which will contribute

to the accuracy of particle filter localisation.

The performance of the proposed model needed to be tested for a longer distance of around

50 m inside the pipeline. However, since the optimal deployment mechanism for RFID

tags in underground pipelines is still in the research phase, the practical experiments were

limited to collecting data from a 5 m pipe sample extracted from an underground Sydney

Water pipeline. Therefore, to simulate 50 m of data the robot was deployed 10 times with

unique RFID tags each time. These data were then aggregated into a single data model.

This process was completed twice to generate the training and test data models.
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3.4.3 Experiments and Results

This section presents the experiments and results evaluating the algorithm by varying

each parameter that contributes to the final well-tuned performance and accuracy of the

localisation.

3.4.3.1 Robotic Data Collection and Processing

A 5 m long, 600 mm diameter extracted underground metallic pipe sample of Sydney Water

was used to set up the laboratory test bed. RFID tags were deployed at equal spacing

inside the pipe. Then the robot with the RFID unit was deployed in the pipeline from one

end to the other as shown in Fig 3.21 collecting data from both antennas simultaneously.

The laser distance reading from the robot was used as the ground truth data to prepare

the measurement model.
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Figure 3.21: Robot inside the pipe.

3.4.3.2 The Signal Difference between the Two Antennas

The observations show that, having shared the same antenna model, the two UHF-RFID

reader antennas produce significantly different signal patterns for the same UHF-RFID

sensor. The literature in [145–149] mention few reasons to cause such incidents could be

slight materialistic or electronic parts change/inconsistencies in manufacturing that affects

the signal amplification. Hence, to determine the signal difference, two identical tests were

conducted with the two UHF-RFID antennas. The experiments began with one antenna

attached to the robot’s front and scanning the pipe. A second test used the same setup



Chapter 3: UHF-RFID Sensor Based In-pipe Robot Localisation 71

but with the second antenna attached to the robot’s front and scanning the pipe. The

signal difference between the identical UHF-RFID sensors placed in the pipe is shown in

Fig. 3.22 with a correlation coefficient of 0.53. Obtaining distinct signal signatures from

antennas for the same UHF-RFID sensor will significantly aid in localisation, as it can

multiply the unique data measurements for a specific location as the number of antennas

increases.

Figure 3.22: UHF-RFID sensor signal difference from two antennas of the same model
[5].

As the literature indicates that signal interference between antennas may occur as a result

of the hardware used to trigger both antennas simultaneously to receive signals [150],

another test was conducted to determine if the current hardware exhibits any indication

of such incidents. Data were collected from each antenna separately by running inside the

pipe, and then from both antennas simultaneously. By comparing all these sets of data,

resulting in a correlation coefficient of 0.92, it was determined that there is no significant

effect on the signal when two antennas operate concurrently, with the hardware used here.
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Figure 3.23: Training data sample.

3.4.3.3 Test Data Preparation

During the Covid, access to a long pipe line to carry out the tests were not feasible.

Therefore, it was decided to us the 5m pipeline to collect data from independent 10 runs

to simulate a 50 m long pipeline. Fig 3.23 shows the concatenated 10 m section of data.

This routine was repeated twice to create the training and testing data sets. At any given

time, at least five RFID tags that could be uniquely identified by their EPC value were

being detected from the sensor module. Next, for each RSSI signal generated from different

RFID tags by a different antenna, a GP was trained to filter the outliers and normalise

the data. Fig. 3.24 shows a section of training data from one antenna that contains the

training data for six tags. The whole data set contains 100 individually trained GPs for

50 RFID tags received from two antennas in a 50 m long pipeline.

3.4.3.4 Single vs. Double Antenna Comparison

Fig. 3.25 compares the localisation accuracy performance for the single and double

antenna configurations. The double antenna configuration improves the accuracy up to

20 times more relative to the single antenna configuration. This is because when single
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Figure 3.24: Example of GP training for RSSI signals received from a set of tags for
one antenna.

antenna delivers two unique measurements for a particular robot location, the double

antennas deliver four unique measurements (RSSI and phase data from each antenna)

from each RFID tag to the particle filter algorithm, providing more information for

accurate localisation.

3.4.3.5 Effect of Phase Data on Localisation Result

As shown in Fig. 3.26, using phase data in combination with the RSSI data

measurement model contributes to increasing the accuracy by 10 times over using the

RSSI data measurement model alone. This is achieved by generating a measurement

model for the particle filter by assigning high-priority weights to RSSI measurements and

low-priority weights to phase measurements in Section 3.2.
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Figure 3.25: Single vs. double antenna performance.

Figure 3.26: RSSI and phase data measurement model performance evaluation.
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3.4.3.6 RFID Tag Distribution Comparison

Performance comparisons were undertaken for different RFID tag distributions along the

pipe. As seen in Fig. 3.27, when the distance between the RFID tags was reduced, the

number of tags received to the antenna increases, improving the accuracy of localisation.

As the objective is to achieve around 1 mm accuracy, the setup was finalised with 1 m tag

distribution, which meets the project requirements and makes the solution more practical

and economical.

Figure 3.27: Tag distribution performance comparison.

3.4.3.7 Number of Particles and Particle Spread Range Experiments

As seen in Fig. 3.28, increasing the particle numbers improves accuracy; however, the

computational power installed in the robot is limited. Therefore, increasing the number

of particles beyond 300 reduces the performance because of the delayed system response.

Therefore, the optimal configuration is 300 particles for the hardware used in the prototype.
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Figure 3.28: Performance comparison for different numbers of particles.

Fig. 3.29 shows the performance for different particle distributions. Spreading the particles

over the whole pipe will reduce the accuracy because of the limited number of particles

in a focused area of the pipe. As the starting location for the robot is known, reducing

the particle distribution area around the starting location improves accuracy. However,

reducing the distribution area too much will result in a longer time to recover from the

error at the beginning, because the algorithm will find a local minimum optimisation point

rather than locating the global minimum.
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Figure 3.29: Particle distribution performance comparison.

3.4.3.8 Performance Comparison with Standard Localisation Methods

Finally, using the optimal configuration parameters discussed above, accuracy of around

0.0018 m mean was achieved with 0.0016 standard deviation, as shown in Fig. 3.30.

Fig. 3.31 shows the whiskers plot for 20 sets of trials performed with random noise. It

is seen from the results that in some areas of the pipe, some RFID tags perform better

reducing the uncertainty by providing less noisy measurements. It is due to several reasons

including the quality of the RFID tag, the tag placement on the pipe, the pipe condition

around the area of tag placement, and the robot’s movement. Next, the localisation results

were compared with the standard, well-known wheel encoder localisation method that is

commonly used, as shown in Fig. 3.32. The accuracy of the encoder is sufficient for

shorter distances because of negligible errors at the beginning, but for longer distances the

error accumulates because of wheel slips. The RFID localisation accuracy is consistent

along the pipe for longer distances, making it perfect for the required application. Further

comparisons with the literature are presented in Chapter 4 Section 4.4.5.
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Figure 3.30: Particle filter performance. Mean error: 0.0018 m.

Figure 3.31: Whisker plot graph of 20 sets of trials with random noise.
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Figure 3.32: RFID vs. encoder.

Fig. 3.33 focuses the end of the 50 m long, three laser profile alignments of ground truth,

encoder, and RFID localisation. As seen in the image, a mark on the top of the pipe

crown was used to measure localisation alignment differences. It can be seen that the

encoder-odometry-based laser profile is 0.817 m behind the ground truth laser profile.

The RFID-localised laser profile has been perfectly aligned with the ground truth laser

profile, giving 1 mm accuracy. Therefore, this system can be used to accurately align

defects in laser profiles captured at different times, to monitor their evolution.

3.4.4 Discussion

The development of a robotic system that uses UHF-RFID signals to localise itself inside

underground pipeline infrastructure was presented in this section. The system is equipped

with a two-antenna sensor model and an improved measurement model. After the initial

training phase, the scheme can be used for localisation without any support from the

robot odometry system. The system has been validated via experiments carried out in a

50 m long simulated pipeline based on field-extracted pipe samples from the Sydney Water

pipe network. Further, the optimal configuration parameters in terms of the algorithm and

hardware configurations to achieve the best results were presented. The results showed that
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Figure 3.33: Laser profile localisation evaluation: RFID vs. encoder.

the proposed system is capable of localising the robot inside the pipeline with millimetre-

level accuracy that is consistent along the pipe over long distances. The system was

further evaluated by comparison with standard commonly used encoder-based localisation

systems. To compare the encoder and RFID localisation results, an industry-standard IR

laser distance sensor with 80 m range and 1 mm accuracy was used to produce the ground

truth measurements. The results showed that the system performs substantially better

than current standard wheel or tether line encoder-based localisation methods.

3.5 Summary

In this chapter, design and development of a UHF-RFID signal based robotic system for

localisation inside pipelines has been presented. The robotic localisation uses a particle

filter combined with a GP algorithm. Localisation accuracy is enhanced by integrating

both RSSI and phase signals into the measurement model. The initial experiments were

done with a single-antenna hardware model, which produced an approximate accuracy of

15 cm. To improve accuracy, a two-antenna sensor model with improved localisation

algorithms was integrated. The system was validated in a 5 m long field-extracted pipe

section from the Sydney Water network, simulating 50 m long pipe. The results
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indicated that the system delivers millimetre-level accuracy. The proposed system was

compared with commonly used standard encoder-based localisation systems, which

showed that RFID localisation performs significantly better than encoders over longer

distances. Finally, the system was evaluated using laser profile alignments for feature

mapping. The results showed that the system is capable of aligning 50 m long laser

profile scans with up to millimetre-level accuracy.

Because of COVID-19 pandemic restrictions, it has not been possible to test the localisation

system in real underground pipe networks. Such performance evaluation work is planned

for the future and will involve laser profiling to monitor defect evolution by aligning profiles

taken at different times. The accuracy of the current system depends strongly on the

accuracy of locations of the RFID tags deployed inside the pipeline. However, in most

cases, the practical deployment of RFID tags inside the pipeline requires use of a robotic

platform, which involves conventional erroneous localisation systems. Hence, the locations

of tags deployed using a robot cannot be precisely known. Therefore, in the next chapter

an improved system is discussed that can localise the robot accurately when the RFID tag

locations are not exactly known.
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2. A. Gunatilake, M. Galea, K. Thiyagarajan, S. Kodagoda, L. Piyathilaka, and P.

Darji, “Using uhf-rfid signals for robot localization inside pipelines,” in 2021 16th

IEEE Conference on Industrial Electronics and Applications (ICIEA), 2021, pp.

1109-1114, doi: 10.1109/ICIEA51954.2021.9516284.

3. A. Gunatilake, K. Thiyagarajan, S. Kodagoda, “Evaluation of Battery-free

UHF-RFID Sensor Wireless Signals for In-pipe Robotic Applications,” IEEE

Sensors Conference, 2021, pp. 1-4, doi: 10.1109/SENSORS47087.2021.9639827.



Chapter 4

RFID Based In-pipe SLAM

4.1 Introduction

This chapter discusses ways to overcome the shortcomings discussed in the Chapter 3

summary related to robot localisation in an unknown RFID deployment inside pipelines.

To use the localisation method proposed in Chapter 3, RFID tags initially needed to be

deployed inside the pipeline at accurately known locations. However, when deploying

RFID tags inside pipelines a robot relies on conventional localisation methods, which are

known to be error prone at longer distances [8, 140, 151, 152]. Most of the commonly

used wheel or tether line encoder-based odometry systems become inaccurate over

increasing distances because the accumulation of errors created along the travel distance

make deployed RFID tag locations uncertain [26]. Hence, a system is required that is

capable of simultaneously localising the robot and mapping the RFID locations

accurately.

Many systems are currently available that can simultaneously localise a robot and map

features in outdoor and indoor environments via visual odometry [153–158]. However,

there are very few, localisation methods available for visual SLAM inside pipelines and they

are poor in accuracy. Several studies have used stereo cameras [86], RGB-D sensors [90]

and monocular cameras [88, 91] with machine learning algorithms to localise robots inside

pipelines with limited accracy. Others have demonstrated SLAM localisation approaches

82



Chapter 4: RFID Based In-pipe SLAM 83

with the camera facing the pipe wall [159] and detecting surface changes in the wall

while traversing along the pipe axis [160]; by detecting pipe joints or corners [161]; or

by projecting structured light patterns on the wall [162, 163] using laser beam [164] or

laser ring projections [165] to detect 3D surface feature changes using ToF images [166].

These approaches are obsolete for our purposes because of their limited accuracy and

the limited number of perceptible visual features after liner application, which hides pre-

existing features on a pipe’s internal surface, making the surface smooth and even over

most of its area.

Alternatively, some studies have proposed using ultrasound sensors and acoustic sensors

for localisation [92, 167] inside pipes by measuring sound-induced vibrations or the latency

of sound wave arrival from a fixed source [94, 112, 168]. Although these techniques work

well for plastic pipes, they may not work well for underground metallic water pipes of

different sizes and under different environmental conditions. Further, in situations where

pipes are in the operational state, sound reflections and absorption by different water levels

will produce inaccurate localisation results. Some studies have used additional sensors to

support the accuracy of localisation results with IMU sensors and leak sensors by detecting

junctions [169–172] with sensing variations in tilt, orientation changes and water leaks

[173–176]. However, the metallic environment inside water pipes can interfere with a

magnetometer [26, 177] and the slippery surface of the pipe may cause drift in the robot’s

location [173, 178], leading to misinformation in the accelerometer and introducing errors

in the localisation. Further detection of water leaks using sensors for localisation is not an

option since the objective is to prevent such incidents beforehand.

Since UHF-RFID signals are already in use for robot localisation [112], and potentially

overcome the limitations of current localisation methods, the current research focused on

discovering a better and more efficient robot localisation method that can simultaneously

map RFID tag locations accurately.

This chapter proposes a battery-free RFID sensor localisation system that uses a RSSI

signal-based customised SLAM algorithm to localise the robot and estimate RFID tag

locations (Fig. 4.1).

The key contributions of this chapter are:
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Figure 4.1: Crawler robot with the RFID unit fixed on top.

• A robotic simultaneous localisation and mapping with a custom measurement model

using twin-antenna UHF-RFID signal cross-correlation is formulated.

• The system can be deployed from any location within the pipe and can travel in any

direction while localising the robot with approximately 2.5-cm accuracy and mapping

RFID tag locations inside the pipeline, where RFID locations are not exactly known.

• The system works independently without the aid of any other odometry system and

requires only a training data set acquired in a laboratory pipe sample. It does not

require any field calibration to perform at the site.

The rest of this chapter is structured as follows. Section 4.2 describes the methodology by

formulating the algorithms. Section 4.3 describes the hardware and software architecture.
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The experimental results are presented and discussed in Section 4.4. Finally, Section 4.5

concludes the chapter by summarising the key outcomes and briefly outlines intended

future work.

4.2 Problem Formulation

Experiments presented in Chapter 3 showed that UHF-RFID sensor signals behave

differently inside metallic pipe environments compared to open environments where the

signal bounces off the pipe surface and creates multiple peak points. This presents a

challenge for predicting the sensor location inside the pipeline, unlike with outdoor RFID

SLAM where the RFID sensor creates only one peak point when the antenna is closest to

it. However, this specific signal behaviour might be an advantage for formulating a

SLAM algorithm to localise the robot and sensors inside the pipeline. Since each RFID

sensor from each antenna gives a unique signal pattern, it can be used in a SLAM

measurement model with signal cross-correlation mapping [85].

Most scans are done in a straight line from one manhole to the next, covering around 100

m of pipe length at a time. Therefore, unlike outdoor SLAM where there are too many

parameters to predict, inside the pipeline robot localisation is mostly a One-dimensional

(1D) SLAM problem along the pipe axis because the pipes are narrow and straight. Slight

orientation changes are already detected using the solution proposed in Chapter 1.

Most SLAM approaches, such as Extended Kalman Filter (EKF)-SLAM, Fast-SLAM

and ORB-SLAM, only estimate the robot’s current location [179–181]. However, in this

research, the complete trajectory of the robot needs to be estimated along with the

RFID sensor locations. Therefore, pose-graph optimisation was chosen [182–186] which is

further known to provide consistency, better accuracy and able to effectively process

large number of data mapping [187].
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4.2.1 Robot Localisation and Mapping

Conventional pose-graph optimisation problem solving [188–190] has been used to

localise robots inside pipelines with respect to the RFID measurements received from

sensor models. The motion model for a robot’s movement along a pipe can be defined as

in Equation (4.1):

xrt = g
(
ut, x

r
t−1

)
+ ωt (4.1)

where xrt is the 1D position of the robot along the axis of the pipeline at time t; ut is the

input given to the robot at time t; g is a non-linear function for state transitions; and ωt

is White Gaussian Noise where ωt ∼ N(0, Rt).

Thus, the RFID (landmark) measurement model for the robot can be defined as in

Equation (4.2):

zit = h
(
xrt , x

i
)

+ υt (4.2)

where zit is the RFID measurement from the RFID landmark i at time t; xi is the position

of an RFID item i; h is a non-linear function for measurement; and υt is White Gaussian

Noise for measurement where υt ∼ N(0, Qt). The robot only senses RFID tags that are

nearby. Therefore for some time indices t, there can be no measurements.

The conventional pose-graph optimisation problem [188] cost function can be defined as

in Equation (4.3):
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(4.3)

where x0 is the initial state of the robot with uncertainty Ω−1
0 ; R−1

t is the covariance of

motion noise; Q−1
t is the covariance of measurement noise; T is the number of time steps

for the robot; and I is the number of features. The problem defined in Equation 4.3 can
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be solved as an optimisation problem using Equation (4.4),

x∗ = argmin
x

J(x) (4.4)

where x is given as:

x =

xr
0:T

x0:I

 (4.5)

Using numerical methods this optimisation problem is solved iteratively to compute the

gradient.

4.2.2 Pose Graph Optimisation with RFID Signal Mapping

The robot trajectory path and RFID (landmark) location estimations need to be

simultaneously optimised. Therefore, RFID RSSI signal measurements need to be

incorporated into the optimisation problem. This is achieved by incorporating the RSSI

signal st into the pose-graph optimisation problem in Equation (4.3) with an additional

cost function ϕ that denotes the inconsistency of signal measurement along the pipe

traverse. The updated equation is defined by Equation (4.6):

J = xrT0 Ω0x0

+

T∑
t

(
xrt − g

(
ut, x

r
t−1

))T
R−1

t

(
xrt − g

(
ut, x

r
t−1

))
+

T∑
t

I∑
i

(
zit − h

(
xrt , x

i
))T

Q−1
t

(
zit − h

(
xrt , x

i
))

+
T∑
t

ϕ (t,xr
0:T , s0:T )T P−1

t ϕ (t,xr
0:T , s0:T ) (4.6)

where xr
0:T are the robot positions along the pipe; s0:T are the RFID signal measurements

along the pipe; and Pt is the covariance of the measurement model noise.

Function ϕ can be defined as in Equation (4.7):

ϕ (t,xr
0:T , s0:T ) = y (t,xr

0:T , s0:T ) − f (t,xr
0:T , s0:T ) (4.7)
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where y is a function that calculates the distance between matching points of the signal s,

and f is a function that calculates the distance between matching points in the estimations

of x.

4.2.3 RSSI Signal Cross-Correlation Matching

Let
[
xr
p1, sp1

]
be the training data collected from the robot in the initial stage of the

laboratory pipe environment, and
[
xr
p2, sp2

]
be the data received from the robot during

the localisation task. Before performing cross-correlation, an equal number of comparison

data points are generated with data interpolation. Let the new sets of points be
[
xr
q1, sq1

]
,[

xr
q2, andsq2

]
, where [xr

1, s1], [xr
2, ands2] be the subsets of points. the normalised cross-

correlation coefficient γ between the two sets of data can be calculated for each window

using Equation (4.8):

γ =

∑
x (s1(x) − s1) (s2(x) − s2)√∑

x (s1(x) − s1)
2∑

x (s2(x) − s2)
2

(4.8)

When the signals are aligned properly, the difference (Euclidean distance) between the

signals is calculated using Equation (4.9) to provide a confidence η parameter for later use

in the optimisation:

η =
1∑

x (s1(x) − s2(x))2
(4.9)

The final confidence parameter ϵ is calculated using the results of both Equation (4.8) and

Equation (4.9) as in Equation (4.10):

ϵ = ((1 + γ)η)2 (4.10)

where the best matching poses can be filtered by setting a threshold value to the calculated

ϵ. The corresponding poses that represent the filters s1 and s2 are added to the cost

function Equation (4.7), with measured and expected distances given by Equation (4.11)
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and Equation (4.12):

yt = 0 (4.11)

ft = x̃r1 − x̃r2 (4.12)

x̃r1 and x̃r2 are the corresponding poses when s1 and s2 signals are matching signals. The

signal mapping process depends on a large number of poses in xr
0:T , which comes with heavy

computational cost. However, the gradient (Jacobian) of the solution can be computed

using a simple approximation of ft, as in Equation (4.13):

F = [1,−1] (4.13)

Further, the signal noise covariance Pt is used as inversely proportional to (γ × η) to

effectively weight the cost function in Equation (4.3).

4.3 Prototype Development

The system can be divided into a two-layered system architecture diagram as shown in

Fig. 4.2.

4.3.1 Hardware Development

The RFID unit mounted on top of the robot was built using COTS components. A

Thingmagic M6e Micro-LTE UHF 2 port RFID reader module with the embedded

developer kit was used to implement the proposed system as it was easy to customise

and supported by the open source Python MercuryAPI software community. Two 915

MHz General Purpose Panel RF antennas in the 902–928 MHz range with 5.5 dBi gain

were used as the receiver antennas. An industry standard IR laser distance sensor with

an 80 m range and 1 mm accuracy laser module was used to collect the robot’s ground

truth odometry. To compare the performance with the standard wheel encoder-based

odometry, a 2,400 pulse-per-revolution rotary encoder was used to record the odometry.

A Jetson Nano Developer kit board with Quad-core ARM 1.43 GHz CPU, 4 GB 64-bit
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Figure 4.2: System architecture.

LPDDR4 RAM was used as the central processing unit to run the implemented system.

The whole hardware system was assembled inside an enclosure and mounted on top of a

robotic platform for deployment, as shown in Fig. 4.1.

4.3.2 Software Development

The software components are implemented using the ROS framework to gain the

flexibility to modularise each component, as well as cross-language software support.

Each individual component is implemented as an ROS node to make them communicate

with each other effectively. RFID related components are implemented with Python as

they are supported by the open source Python Mercury API library. To gain more

structure and flexibility to implement the algorithms, the core integration is implemented
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as C++ components. The laser distance sensor that tracks the ground truth odometry of

the robot to create the measurement model is implemented as Arduino components. As

the diagram elaborates, the RFID component receives the RSSI and phase data signals

from the robot and publishes the data to the receiving components. In the training

phase, the location mapper will combine the data with the robot odometry data received

from the laser data publisher node. The collected data will be stored as measurement

data maps for later use in the signal mapping. In the localisation phase, the data

received from the robot will be mapped with the measurement model using the signal

correlation algorithm. Based on the generated confidence values, the probabilities for

robot and RFID tag locations will be calculated within the SLAM algorithm for each

RFID tag signal. Finally, using these calculated values the highest probability of the

robot localisation and RFID tag locations will be published to the location publisher

node, which will be displayed in an RVIZ-like location visualiser system.

4.4 Experiments and Results

4.4.1 Data Collection and Modelling

First, all the RFID tags were placed in the middle of a 5 m long, 600 mm diameter sample

lab pipe extracted from Sydney Water pipe network, which represents the conditions of

a real-world underground water pipeline. Next, the robot was deployed from one end of

the pipe to the other collecting the RSSI and phase signal patterns along the pipe that

mapped to its location. A laser distance meter was used to map the robot’s location for

accurate ground truth measurement and accuracy validation.

When collecting data to generate the measurement data model and test data model the

robot was deployed several times in the pipe that resulted in minor movement noises at

each deployment. The observations showed that those minor movement noises of the robot

pitch, roll and yaw did not impact much on the received signal strengths significantly. The

comparison of two RFID signal differences at two deployments of the robot with minor

movement noises gave approximately 0.95 correlation coefficient. Therefore, slight tilt or
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role of the robot do not drastically affect the localisation accuracy. However, major role

or tilt may cause localisation errors.

Next, a measurement model was created by mapping the robot’s odometry values with all

the RFID tag signals, uniquely identified by the tag EPC value. To increase the accuracy

of the measurement model, the signal values were interpolated up to millimetre level. Fig.

4.3 shows the measurement data for the first 10 RFID tags. In total, around 50 tags

were stored in the measurement model and distributed in the 50 m long pipeline with

roughly 1 m separation. In practice, when deploying RFID sensor tags inside a pipeline,

robot localisation is inaccurate because of the use of conventional localisation methods.

Therefore, the locations of the RFID tags were not precisely known. Hence, the proposed

localisation algorithm treats the RFID tag locations as unknown and performs the search

for their locations.

Using the signal cross-correlation method and the pose-graph optimisation problem-solving

localisation algorithm proposed in Section 4.2, the robot was deployed inside the real-world

water pipeline and start estimating its trajectory while generating an RFID sensor tag

location map using the received RFID RSSI signal patterns.

Figure 4.3: First 10 segments of the measurement model.
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4.4.2 Signal Cross-correlation Mapping

Fig. 4.4 presents an example of a result from signal cross-correlation mapping for a given

RFID tag for a given antenna. The top graph shows the measurement model signal

pattern that maps to the laser distance readings. The middle graph contains the signal

data received in real time that needs to align with the measurement model to map with

the distance to identify the travel distance during the period of the received signal. The

hardware can receive data at a frequency of approximately 70 Hz. The density and quality

of the received signal data depend on the robot speed. Therefore, the signal scaling

described in Section 4.2.3 when performing cross-correlation depends on the robot speed.

Hence, the scale parameters are updated proportionally based on the speed of the robot

via integration with the robot control commands. The bottom graph in Fig. 4.4 shows

the results obtained by mapping the received signal to the matching measurement model

signal, which facilitates correlating the data points with distance values.

Figure 4.4: Signal cross-correlation mapping.
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4.4.3 Robot Localisation

Fig. 4.5 shows the best performing robot localisation with its optimal configuration

parameters, and Fig. 4.6 shows the mean error graph for the system performance. At the

beginning of its travel path, the robot’s localisation accuracy is lower because of the lack

of received signal data points. The received signal might map to wrong locations in the

measurement signal when it is too small. At around 3 m, when there are sufficient data

to accurately map the signals, the accuracy of the robot localisation stabilises.

Figure 4.5: SLAM performance.
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Figure 4.6: Whisker plot graph of 20 sets of trials with random noise.

Fig. 4.7 shows localisation results for different speeds of the robot. As the frequency of

the RFID data received by the robot is at its max and is consistent, when the robot travels

faster, the number of data points received at a particular location decreases, resulting in

reduction in localisation accuracy. This is because when there are too few data points

between RSSI signal readings, the signal cross-correlation mapping accuracy decreases,

resulting in alignment of the received signal with inaccurate positions in the measurement

model signal.
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Figure 4.7: SLAM accuracy at different speeds of the robot.

4.4.4 RFID Tag Location Mapping

Fig. 4.8 shows the results from generating RFID tag signal maps. Since the RFID tag

location is known to be at the middle of the signal pattern when building the measurement

data model, the tag location inside the real underground pipeline can be located with

signal cross-correlation mapping from the generated map. Comparison with the testing

data allows the accuracy of the estimated RFID tag locations to be evaluated. The post-

analytical results showed that the RFID tag locations were estimated with 2.5 cm accuracy.
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Figure 4.8: RFID tag signal mapping results at 7.5 m distance in pipe.

4.4.5 Comparison among Localisation Methods

A performance comparison was undertaken between the proposed system, the commonly

used encoder odometry-based robot localisation system and the GP combined particle

filter-based two-antenna model localisation method proposed in the Chapter 3 research

work (when RFID tag locations are known).

Fig. 4.9 compares the results from the particle filter-based approach when the RFID

terrain is known and the proposed SLAM-based approach when the RFID terrain is not

known. In a known RFID terrain, the particle filter-based approach works well with

millimetre-level accuracy but when the RFID terrain is not known, it is not applicable.

Therefore, the SLAM approach can be used to generate an RFID terrain map with 2.5 cm

localisation accuracy, and once the RFID terrain is known, particle filter-based localisation

can be used for future localisation with better accuracy.
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Figure 4.9: Particle filter vs. SLAM performance.

Fig. 4.10 compares the results from the proposed RFID-based localisation methods and

the standard, commonly used encoder-based localisation method. The laser distance data

were used as the ground truth measurement. It is clear that both particle filter and SLAM-

based wireless RFID localisation performs far better than encoder-based localisation for

long distances.
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Figure 4.10: Particle filter vs. SLAM vs. encoder odometry performance.

Another comparison was made with methods proposed in the literature and conventional

methods. Table 4.1 summarises the comparison results. The localisation methods

proposed in this thesis show competitive accuracy compared with results for other

methods reported in literature. Two typical conventional localisation methods [151, 152]

show around 31 and 27 cm accuracy; two methods employing two RFID antennas in

recent studies [140, 141] for outdoor and indoor localisation show around 50 and 6 cm

accuracy; and an in-pipe localisation method proposed by Wu et al. [176] shows around

25 cm accuracy. The RFID localisation methods proposed in this thesis exhibit superior

accuracy of 2.5 cm to 1 mm accuracy inside pipelines. Such accuracy has been achieved

by using a twin antenna model, employing signal pattern difference of two antennas as

an advantage, employing the signal reflection on the pipe surface and its long travel

distance inside the pipe as an advantage, creating unique signal measurement models

with training data, experimenting with best calibration parameters in hardware, software

and algorithm, treating the localisation problem as one dimensional, etc.

Fig. 4.11 focuses the end of the 50 m long four laser profile alignments of ground truth;

encoder; RFID particle filter localisation in a known terrain; and RFID SLAM localisation
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Method
Position error
Mean / mm

Position error
Std. dev. / mm

Conventional method in [151] 271 113

Conventional method in [152] 310 139

Method proposed in [140] 500 200

Method proposed in [141] 59 36

Method proposed in [176] 250 Not Given

Encoder based method 833 214

Proposed GP based PF
method in chapter 3

1.8 1.62

Proposed SLAM method 23.3 3.8

Table 4.1: Performance comparison with existing localisation methods.

in unknown terrain. As seen in the image, a mark on the top of the pipe crown was used

to measure localisation alignment differences. It is apparent that the encoder-localised

laser profile is 0.817 m behind the ground truth laser profile. The RFID-localised laser

profile in known terrain is perfectly aligned with the ground truth laser profile, with 0.001

m accuracy. The laser profile generated using RFID SLAM localisation aligns with the

ground truth with 0.021 m distance accuracy. This proves that in practice, both RFID

localisation techniques work well compared with standard encoder-based localisation for

in-pipe robotics.

Figure 4.11: Laser profile localisation evaluation: RFID vs. encoder.
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4.5 Summary

The chapter has described the development of a robotic system that uses battery-free

UHF-RFID sensor signals for robot localisation, and a RFID RSSI signal

cross-correlation mapping technique combined with a customised simultaneous

localisation and mapping algorithm. The system was extensively tested and validated in

sample laboratory pipe extracted from the Sydney Water pipe network, simulating a 50

m long pipeline. The results showed that the proposed system works well at localising

the robot, with approximately 2.5 cm accuracy in unknown RFID terrain, simultaneously

building an RFID tag location map. Further, the robot can be deployed from any

location of the pipe and can travel at any direction while localising accurately. The

system was evaluated against standard commonly used encoder-based localisation

methods and existing indoor and outdoor localisation methods. The proposed solution

provides superior results for longer distances. In future, the system can be further tested

in different pipes under different environmental conditions and with longer pipe lengths.

The following publication was an outcome of the work presented in this chapter:

1. A. Gunatilake, K.Thiyagarajan, S. Kodagoda, “Robot Simultaneous Localization

and Mapping Inside Pipelines Using UHF-RFID Signals,” IEEE Robotics and

Automation Letters. (Under Review)
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Conclusions

This thesis addresses current shortcomings of robotic sensing and localisation for effective

monitoring of liners applied in underground water pipelines that become corroded,

resulting in pipe burst and ground collapse through ageing of pipe assets and liner

application imperfections. A complete robotic solution that can generate millimetre-level

accuracy RGB-D maps to inspect the quality of pipe liner application inside the pipeline

using accurate localisation methods based on UHF-RFID signals, is proposed.

The stereo vision-combined, structured IR laser-projected 3D profiling system is capable

of generating millimetre-level accuracy RGB-D maps inside pipelines in real time. Further,

it is capable of generating heat maps to provide an indication of the severity of any defects

identified, while the RGB map provides true colour information enabling proper assessment

of defect nature. This will help water utilities to properly monitor their pipelines, identify

defects, and quantify them before and after liner application.

The accuracy of the laser profiling system and comparison between scans by aligning them

is strongly dependent on the robot localisation system. Currently available conventional

odometry systems did not meet the project requirements. Therefore, after evaluating

many sensor technologies, a particle filter combined GP algorithm-based UHF-RFID signal

localisation system was researched and implemented to localise the robot inside pipelines

with up to millimetre-level accuracy when RFID tag locations are known. The proposed

102
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localisation system can be used to localise a wide range of robotic systems including floating

robots and drones inside pipelines, as it is wireless.

To achieve robot localisation in situations where RFID locations are not precisely known

inside pipelines, a simultaneous localisation and mapping system was proposed and

developed with a UHF-RFID signal cross-correlation-based improved measurement

model. The proposed system is capable of localising the robot with up to approximately

2.5 cm accuracy.

The whole system was tested and validated in a field-extracted real underground water

pipe sample from the Sydney Water network under different conditions simulating a 50 m

pipe in the laboratory environment. The laser profiling system proposed in Chapter 1 was

evaluated in field trials in real underground drinking water pipelines with different liner

technologies located in Sydney, Australia.

5.1 Summary of Contributions

5.1.1 Robotic Mapping of Internal Pipeline Defects through Stereo

Vision-combined Laser Profiling

• A stereo vision-based laser profiling system is proposed with an integrated mobile

robotic platform for real-time RGB-D mapping and true colour information extracted

from the pipelines using colour and IR cameras. The proposed approach requires

only one-time calibration and generates RGB-D maps with 1 mm accuracy for pipe

diameters ranging from 400 to 700 mm.

• The system generates heat maps that highlight and measure defective areas in

scanned pipelines, which enables easy monitoring of damaged areas and their

evolution in the long term.

• The stereo vision is utilised for detecting the orientation of the robot by determining

yaw and pitch parameters, which assists in accurate RGB-D map building.
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• The proposed system has been tested with different liner technologies in real

underground drinking water pipelines for 120 m of pipe lengths in Sydney Water

pipe network.

5.1.2 UHF-RFID Sensor Wireless Signals for Accurate In-pipe Robot

Localisation

• A UHF-RFID signal-based robotic localisation system is presented that uses a

particle filter combined GP algorithm. Its accuracy is further enhanced by utilising

both RSSI and phase data in the particle filter measurement model.

• The system can be used for robot localisation without the aid of any other odometry

systems after creating an initial measurement model, and can accurately localise the

robot up to millimetre level.

• The system is capable of aligning the laser profile scans taken at different times

with millimetre-level accuracy to map corresponding defects in each 3D profile for

monitoring their evolution. The solution has been tested in sample laboratory pipes

extracted from the Sydney Water network, simulating a pipe length of 50 m.

5.1.3 Simultaneous Localisation and Mapping Inside Pipelines Using

UHF-RFID Signals

• A robotic localisation system is presented that uses a simultaneous localisation and

mapping algorithm, with a custom measurement model using UHF-RFID signal

cross-correlation.

• The system can be deployed from any location within the pipe and can travel in any

direction while localising the robot with approximately 2.5 cm accuracy, and mapping

RFID tag locations inside the pipeline where RFID locations are not exactly known.

• The system works independently without the aid of any other odometry systems and

only requires a training data set acquired from a laboratory pipe sample. It does

not require any field calibration to perform at the site.
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5.2 Discussions and Future Research

The current version of the robotic sensing system was developed to scan straight pipes

ranging from 400 to 700 mm in diameter and spanning around 100 m of length from one

manhole to the next. In future, the system can be extended to other pipe sizes with more

complex pipe networks including bends and pipe junctions. Further research should aim

to overcome the limitation discussed in relation to the laser profiling unit, where black

surfaces present low measurement accuracy and possible issues relating to shading.

Currently, the proposed UHF-RFID localisation system works with a pre-acquired, one-

time training data set in the laboratory. In future, research might focus on finding a

solution that can localise the robot without the requirement for training data sets. Insights

into an analytical model representing the unique UHF-RFID signal pattern inside pipelines

may be useful. To achieve higher accuracy in robot localisation, the proposed solution

requires a large number of RFID tags deployed inside the pipeline with 1 m separation.

Future research might focus on minimising the number of RFID tag deployments, while

maintaining localisation accuracy.

As a result of the COVID-19 pandemic and associated movement restrictions, the UHF-

RFID-based localisation systems proposed in Chapter 3 and 4 were tested only in the

laboratory environment, employing a field-extracted pipe sample. In future, the system

should be tested in the real-world underground Sydney Water pipe network for longer pipe

lengths and further validation, as well as further improvements.
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Le2i-CNRS UMR 5158, Université de Bourgogne, 12, Rue de la Fonderie, 71 200

Le Creusot, France, 2010. ISBN 10514651 (ISSN); 9780769541099 (ISBN). doi:

10.1109/ICPR.2010.407.

[71] J Kofman, J T Wu, and K Borribanbunpotkat. Multiple-line full-field laser-

camera range sensor. In Optomechatronic Computer-Vision Systems II, volume

6718, Dept. Systems Design Engineering, University of Waterloo, Waterloo, ON

N2L 3G1, Canada, 2007. ISBN 0277786X (ISSN); 9780819468666 (ISBN). doi:

10.1117/12.754551.
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