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Abstract

This paper presents the development of an acoustic-sensing robotic system designed for autonomous in-pipe in-

spection. Existing methods, such as camera-based visual sensing and laser-based distance scanning systems, offer

high-resolution and rapid spatial data but are often unsuitable for long-term deployment in adverse environments.

Recent developments show that acoustic sensing methods can offer power- and data-efficient inspection for long-term

service. This paper explores autonomous in-pipe inspection using only acoustic measures for remote pipe monitoring.

We propose a dual-resolution acoustic sensing strategy that employs low-frequency acoustic waves for long-range

coarse sensing and navigation, paired with high-frequency acoustic waves for short-range, high-resolution imaging.

A robotic system and corresponding data characterisation and classification method was developed based on this

strategy, enabling autonomous inspection. Experimental findings show that the robot can effectively localise mul-

tiple features within the pipe setup, achieving an average localisation variation of 8 cm over a total length of 1800

cm. Additionally, the system effectively classifies features, specifically aligned pipe structures, tilted pipe structures,

blockages and empty pipes, with an average accuracy of 76% during autonomous inspections.

Keywords: In-pipe inspection, Autonomous robot, Acoustic sensing, Buried pipe

1. Introduction

Fluids such as oil, gas, and water are essential mate-

rials for modern daily life and are transported through

pipelines [1, 2, 3]. Pipeline infrastructure is capital-

intensive and designed for long, stable service lives

[4, 5]. However, much of this infrastructure, specially

for water and sewer pipes, is often considered ’forgot-

ten’, and operates under risks associated with aging,

corrosion, and maintenance neglect [6, 7, 8]. Given

the critical role these facilities play, it is imperative to

schedule regular inspections, maintenance, and repair

to prevent service disruptions, which could lead to sig-

nificant socioeconomic impact [9, 10]. Nevertheless,

inspecting buried infrastructure poses significant chal-

lenges, and maintenance is often reactive, occurring

only after a major failure. Therefore, effective strategies

are necessary to inspect the internal conditions of buried

pipelines with minimal service interruption [11, 12].
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One popular solution for pipe inspection is in-pipe

remote inspection using a mobile platform, typically re-

ferred to as in-pipe inspection robots [1, 2, 3, 13]. How-

ever, due to variations in sensing environments, the me-

chanical design and sensing strategies of these robots

varies significantly. For example, pipe infrastructure

with high fluid levels, such as water supply, oil, and ris-

ing main pipes in the sewage system, require robotic

mechanisms and sensing methods adaptable to liquid-

filled environments [1, 3, 13]. Conversely, pipe facil-

ities with low fluid levels, such as gas pipes and most

sewer pipes, can employ robotic mechanisms designed

for open-air use, and the sensing methods should be ca-

pable of operating in air-coupled conditions [2, 9, 11].

Despite the varieties of robotic platforms available for

in-pipe inspection, the majority rely on tethered plat-

forms, requiring cables for power supply, remote con-

trol, and data transmission. Consequently, inspect-

ing buried pipelines with these devices often results in

service interruptions, increased operational costs, and

time-consuming procedures due to the necessity of hu-

man intervention [14].
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The focus of this paper is on investigating au-

tonomous sensing methods for in-pipe inspection of

sewer systems with low fluid levels. Optical sensing

methods, specifically the visual-based CCTV cameras,

are the most popular sensing technique for this type

of robotic in-pipe inspection. Various systems hav-

ing been commercialised for real-world applications,

such as RedZone (USA), RapidView (USA), Minicam

(UK), and iPEK (Germany), offering manually con-

trolled platforms for in-pipe inspection based on cam-

eras [15, 16, 2, 11]. These platforms typically employ

high-resolution camera modules with auxiliary light-

ing for inspections, supported by a tethered crawler

for data transfer and remote manual operation [13].

Long-duration, high-resolution videos can be recorded,

and AI-assisted video inspection algorithms are sub-

sequently employed to detect pipe defects, such as

sub-centimetre surface cracks and roots on pipe walls

[17, 18, 19]. However, this technique currently requires

human intervention for robot control, data acquisition

and processing. Moreover, high-resolution video data

requires high power computational hardware capabil-

ities, which are limited for robotic systems designed

for in-pipe applications and rely on tether-based de-

signs. Hence, visual-based in-pipe robots remain lim-

ited for autonomous inspections despite decades of de-

velopment [14].

Electromagnetic sensing is another approach for re-

mote in-pipe inspection used on moveable platforms,

including techniques such as magnetic flux leakage

(MFL) inspection and eddy current (EC) techniques

[20]. Various sensing apparatuses have been reported to

use eddy-current-based sensing methods for surface de-

formation localisation [21], sub-surface detection [22]

and imaging [23, 24]. The overall sensing perfor-

mance shows that electromagnetic sensing based on

eddy current is effective for detecting and characterising

small, near-surface defects, although its application is

restricted to conductive materials, which limits its use.

Acoustic sensing includes a variety of methods and

devices developed for in-pipe inspections, which can be

categorised into active and passive sensing techniques

[25]. An example of passive acoustic sensing is the

SmartBall, a spherical device produced by Pure Tech-

nologies, USA, used for in-pipe inspection [26]. Pro-

pelled by fluid flow, this device is submerged in the

fluid and continuously records ambient noise to detect

anomalies such as leaks, which are identifiable by dis-

tinctive acoustic responses at the leakage points. Field

experiments have demonstrated that this device can de-

tect water leakages as small as 0.8 litres per second in

cast iron pipes, with localisation accuracy within 1 me-

tre using acoustic waves within the audible range (< 20

kHz). However, the report also indicates that the acous-

tic sensor is less effective on plastic pipes due to the high

acoustic attenuation properties of the material [26].

Active acoustic sensing has been widely used for

in-pipe inspections. Integrated systems, such as Kurt

[27], Makro [28], Telerobot [29], Tetrix [30], and

Lego-EV3 [31], all employ ultrasonic distance sensors

(UDSs) as part of their sensing capabilities. UDS, a type

of air-coupled active acoustic transducer, transmits and

receives ultrasonic pulses (typically operated around 40

kHz) to detect obstacles. This low-cost, compact sensor

provides time-of-flight (ToF) data of the nearest object,

which, while adequate for feature detection, is limited in

characterisation capabilities [32]. Recent developments

in active acoustic sensing have shifted focus towards

acoustic scanning and imaging, utilising array trans-

ducers on movable pipeline inspection gauges (PIGs).

Zhong et al. reported a robotic innovation integrating

ultrasonic phased arrays on a wheeled continuum robot

for conducting in-pipe ultrasonic C-scans Ð a 2D spa-

tial scanning strategy [33]. The system utilises four 128-

element linear convex phased arrays to form a circum-

ferential array matched to the pipe’s inner diameter, en-

abling C-scans within metallic pipes at 5 MHz. Experi-

mental results demonstrated that this system can detect

flat-bottom hole defects as small as 3 mm in diameter on

the pipe’s outer surface. Rachev et al. described an in-

pipe inspection using PIG-mounted ultrasonic phased

arrays (5 MHz) for imaging crack-type defects [34]. Us-

ing plane wave imaging (PWI) [35] and the total focus-

ing method (TFM) [36], the experiments showed that

these imaging algorithms could quantitatively charac-

terize changes in crack length based on the imaging re-

sults. Vithanage et al. developed an ultrasonic phased

array roller probe for automated in-process welding in-

spection of pipe structures [37]. Operating at 5 MHz,

this linear phased array is housed within a water-filled

rubber roller, performing ultrasonic imaging using an-

gled transverse bulk waves to enhance the detection of

defects with varied orientations. Notably, this develop-

ment is intended for external pipe welding inspections,

but the conceptÐbased on angled ultrasonic phased ar-

rays and a rolling systemÐcould be adapted for in-pipe

inspections.

Overall, high-frequency (MHz) ultrasonic sensing

produce high-resolution, user-friendly image results for

quantitative defect inspection but cannot be used for

robotic navigation due to limited sensing range and cou-

pling conditions. In contrast, airborne low-frequency

acoustic sensing (≤ 40 kHz) can provide distance infor-

mation for robotic navigation with a long ranging cover-
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age and signal simplicity, desirable features for the au-

tonomous in-pipe sensing development. However, due

to the low operating frequencies, current implementa-

tions of these sensing measures lack accuracy, which

makes them limited for quantitative inspection for struc-

tural objects.

This paper presents the development of a robotic

apparatus for autonomous in-pipe inspection based on

acoustic sensing methods. To facilitate untethered au-

tonomous operation, a dual-resolution, air-coupled, ac-

tive acoustic sensing method is employed. One sensing

resolution is metre-scale using low-frequency acoustic

waves at Hz levels, ideal for scoping pipe features over

long distances (> 2 m) [38]. The other sensing resolu-

tion is centimetre-scale using a narrow-band 40 kHz ul-

trasonic wave, which is commonly used in air-coupled

UDS applications [39]. An air-coupled ultrasonic ar-

ray developed with 40 kHz acoustic transducers en-

ables high-resolution imaging within approximately 1

m [40, 41]. By integrating these two frequency ranges,

the proposed robotic apparatus can autonomously per-

form in-pipe inspections with relatively simple signals,

i.e. acoustics at different resolutions, eliminating the

need for a tethered system for power, data communica-

tion, or remote human control.

A portable ultrasonic array data acquisition device is

developed for ultrasonic array sensing on a robot. A dy-

namic ultrasonic image binarisation and an image clas-

sification strategy are proposed for autonomous in-pipe

inspections based on ultrasonic images. The experi-

mental results show that the developed robot can per-

form autonomous in-pipe inspection with good feature

classification performance. This paper is structured into

seven sections. Section 2 details the hardware compo-

nents of the developed robot. Section 3 describes the

sensing methods, covering both low-frequency acoustic

sensing and high-frequency ultrasonic imaging for in-

pipe inspections. Section 4 discusses the development

of pipe feature classification approaches based on ultra-

sonic images. Section 5 outlines the design of the sens-

ing logic for autonomous in-pipe inspection. Finally,

Section 6 demonstrates the performance obtained from

a laboratory-level experiment on an autonomous in-pipe

network inspection.

2. Hardware

2.1. The robotic platform

Fig.1 illustrates the robotic platform developed for

autonomous pipe inspection using acoustic sensing

techniques. As shown in Fig.1(a) and (b), the robot is

equipped with three main functional units: the control

unit, the motion unit, and the sensing unit. The con-

trol unit incorporates two micro-computer components

(4B, Raspberry Pi, UK), one of which is dedicated to

motor control. This includes four independent PID mo-

tors (MG513X, Wheeltec, China) and a 4-channel mo-

tor driver board (D24A, Wheeltec, China). The other

micro-computer is dedicated to control all sensing de-

vices. As illustrated in Fig.1(b), the robot employs

two types of acoustic sensing devices: a low-frequency

acoustic sensing setup and a high-frequency ultrasonic

imaging setup.

The acoustic sensing configuration includes a loud-

speaker (2242, Visaton, Germany), accompanied by

a six-microphone array and its controller board (Re-

speaker 6-mic, Seeed Studio, China). Note that this

acoustic hardware selection is referred to previous work

[38, 42, 43]. The ultrasonic imaging setup consists of

an air-coupled ultrasonic array formed by 40 kHz trans-

ducers (MA40S4R, Murata, Japan), paired with a self-

developed portable array controller. It is worth noting

that the majority of the electronic components used are

off-the-shelf products, with only the portable ultrasonic

array controller and the air-coupled ultrasonic array be-

ing specifically developed as part of this work.

All acoustic and ultrasonic sensors are mounted on

a disc-shaped sensor holder with a diameter of 120

mm, which is suitable for in-pipe deployment into UK’s

sewer mains with a typical diameter of 300 mm. At the

centre of this holder, the loudspeaker is positioned, cir-

cled by the six-microphone array arranged on a hexag-

onal PCB plate with sides of 50 mm each. The 24 ul-

trasonic transducers are organised into 12 pairs and ar-

ranged in a clock-shaped circular array with a diame-

ter of 110 mm. The loudspeaker and hexagonal micro-

phone array operate in the low-frequency range, typi-

cally from 300 Hz to 600 Hz, for transmitting and re-

ceiving acoustic waves. Low-frequency acoustic waves

are chosen for their ability to travel long distances with

low attenuation in pipe structures, making them suitable

for long-range coarse resolution sensing. The ultrasonic

transducer array operates at a central frequency of 40

kHz, providing limited propagation distance (upto 1.2

m in the presented setup) but enabling high-resolution

and sensitive object characterisation through ultrasonic

imaging algorithms. Therefore, the robotic apparatus

developed in this study performs dual-resolution acous-

tic sensing, offering a sensing solution with both long-

range coverage and high-resolution characterisation for

autonomous in-pipe inspection. Fig.1(c) shows the

robotic apparatus and a sewer pipe section, which is

made of polyvinyl chloride (PVC) with an inner diam-
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Figure 1: Diagram of the developed robotic platform, (a) illustrates the components on the robot and (b) shows the block diagram of the developed

robotic platform, and (c) shows the photo of the developed robotic compared with the testing pipe section with a diameter of 300 mm. Note that

testing sewer pipes used in this paper are certificated to BS EN 1401-1.

eter of 300 mm and complies with the BS EN 1401-1

standard.

2.2. A portable ultrasonic array controller

Figure 2: Diagram of the developed portable array controller for ul-

trasonic array data acquisition on robotic platforms. Note that this

figure is the detailed description of the ’Ultrasonics’ block shown in

Fig.1(b). Note that black arrows indicate the signal transmission path

and red arrows indicate the signal reception path.

A portable array controller has been developed for the

ultrasonic array data acquisition on the robot. This was

developed using an off-the-shelf single-channel ultra-

sonic controller (Analog Discovery 2, Digilent, USA)

integrated with a 64-channel multiplexing board, facil-

itating array data acquisition. The overall physical size

of this controller is appropriately 90 mm × 90 mm × 10

mm with a weight of 67 g. It operates on a single USB

3.0 cable, which provides both power and data trans-

mission, consuming a maximum power of 4.5 W at a

voltage of 5 V. Note that this power consumption occurs

solely during the ultrasonic data acquisition process.

Fig.2 shows the electronic block diagram of the de-

veloped portable array controller. As mentioned above,

a Raspberry-Pi micro-computer is used to control the

array controller via a USB 3.0 port, as shown in the bot-

tom block. The field programmable gate array (FPGA)

(Xilinx Spartan-6, AMD, USA) in the array controller

can then generate an ultrasonic excitation pulse via a 14-

bit digital-to-analogue converter (DAC) (AD9717, Ana-

log Devices, USA). This excitation pulse will then pass

through an analogue multiplexer (HV2801, Microchip,

USA) to a specific transmitting element on the array

transducer to generate an ultrasonic wave. The corre-

sponding backscattered ultrasonic signal will then be

acquired by a specific receiving element and transferred

to the analogue-to-digital converter (ADC) (AD9648,

Analog Devices, USA) via the multiplexer. This re-

ceived ultrasonic signal is amplified by a two-stage re-

ceiver amplifier made up of an operational amplifier

(LT1222, Linear Technology, USA) and a differential

amplifier (ADA4950-1, Analog Devices, USA). The

amplified received signal is then passed to the micro-

computer for storage. Using this system the time do-

main signals are recorded from all combinations of

transmit and receive transducers in a process know as

full-matrix capture (FMC) [36]. Detailed hardware de-

sign and wiring files of the developed portable multi-

plexing array controller can be accessed from Section

S1 in the supplementary information [44].

3. A dual-resolution acoustic sensing method

3.1. Acoustic long-range scoping

According to the previous study [38], there are a

number of distinct acoustic wave modes propagating in

a typical duct structure (i.e. a pipe structure). Here

mode(0, 0) is chosen for long-range acoustic sensing, as
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this plane wave mode allows non-dispersive (i.e. veloc-

ity is independent of frequency) acoustic propagation in

a duct structure. The frequency limit of the (0,0) mode

in a 300 mm diameter pipe structure is 675 Hz [45],

which is the reason of choosing the frequency range for

excitation from 300 Hz to 600 Hz. Acoustic signals

collected in real-world environments normally contain

noise induced by both the environment and the mea-

surement system, which affects the signal-to-noise ratio

(SNR) of the sensing result. A denoisng method, the

SpaRSA algorithm [46], is implemented to reduce the

noise effect by solving the sparse representation prob-

lem simplified by the basis pursuit denoising (BPDN)

[47] method with a wavelet dictionary (sym4 wavelet

function by the MATLAB function @wmpdictionary).

The final wavelet represented acoustic signal and more

detail of the methodology can be found in Section S2 or

in the previous work [38, 42, 43].

Fig.3 demonstrates four example acoustic signals

measured from different structural features with a

straight pipe setup. Fig.3(a) shows the acoustic signal

of a 4-section straight pipe structure. An echo is shown

at the position corresponding to the pipe end, which is

generated due to the acoustic impedance change from

the internal pipe structure to the open-air environment

[38]. It is worth noting that reflections produced by

well-aligned joint structures are too small to resolve us-

ing the current acoustic sensing setup. Fig.3(b) shows

the acoustic echo of a tilted joint, which has a tilt angle

about 5◦ along the pipe axial direction, at 900 cm in the

pipe structure. Fig.3(c) shows the acoustic echo gener-

ated from a pipe-corner. Note that there is an additional

300 cm pipe section attached after the corner section,

which yields the echo at 1200 cm. This signal shows

that the applied acoustic wave can propagate around

pipe corners to a different direction. Fig.3(d) shows the

echo from a 120 cm diameter manhole at 900 cm. This

signal shows that a manhole generates long acoustic re-

sponse in the time domain, which restricts detection ca-

pabilities beyond its location. However, since the robot

can be accessed through the manhole, the robotic sys-

tem developed in this paper is designed to enable au-

tonomous pipe inspection between adjacent manholes.

Another point in Fig.3 is the small discrepancy be-

tween the feature echo locations (red dots marked at

the echo start points) in the time domain and the actual

feature locations (indicated by red dashed lines). The

feature echo locations in the acoustic signals are deter-

mined by applying a thresholding approach, where the

threshold is set to one-tenth of the echo amplitude of the

pipe-end feature. However, those location mismatches

generated from acoustic sensing (300 to 600 Hz) are

(a)

(b)

(c)

(d)

300 cm

Figure 3: Acoustic signals at different pipe structures, (a) shows the

acoustic signal measured from a 4-section pipe, which is labelled as

a pristine reference, (b) shows the signal measured from that pipe

structure with a joint miss-alignment (tilted joint) at the third section

(900 cm). Accordingly, (c), and (d) show signals measured with a

corner and a 120 cm diameter manhole at the same location, respec-

tively. The black line indicates the received acoustic signal in the

radio-frequency (RF) format. The blue line shows the signal enve-

lope. The red dash line indicates the tape-measured feature positions.

The red dots indicates the locations extracted from the acoustic signal

using a distance extraction method.
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generally small (within 34 cm) enough to be corrected

by the high-resolution ultrasonic sensing method in sub-

sequent steps.

Overall, there are four rules summarised for the im-

plementation of acoustic sensing:

i An acoustic echo is generated at the end of the pipe

section due to the large acoustic impedance change;

ii The implemented acoustic sensing is designed to

filter out aligned joint structures but will indicate

miss-aligned joint structures;

iii The applied acoustic wave can propagate around

pipe corners to other directions;

iv A manhole structure can generate long acoustic vi-

bration in the time domain. It serves as a point

where the robot can be accessed by humans and is

therefore considered the endpoint of an autonomous

in-pipe inspection.

3.2. Ultrasonic short-range imaging

An ultrasonic pipe imaging algorithm, multi-view

pipe total focusing method (Pipe-MTFM), is imple-

mented for both feature characterisation and robotic lo-

calisation and navigation. Note that this Pipe-MTFM is

modified for in-pipe inspections based on the previous

multi-view TFM method [48, 49].

Fig.4 shows six example 3-dimensional (3D) ultra-

sonic images generated by the hollow-circular array

with the Pipe-MTFM imaging algorithm, which can be

mathematically expressed as,

U i(p) =

∣

∣

∣

∣

∣

∣

∣

∑

T,R

uTR

[

τi
TR(p)

]

∣

∣

∣

∣

∣

∣

∣

, (1)

where U i(p) is the image intensity of the pixel p, a po-

sition vector referred in the Cartesian coordinate, of a

3D Pipe-MTFM image in the ith view, which will be

discussed in later sections. uTR are the filtered analytic

FMC signals. Subscripts T and R denote the transmitter

and the receiver element. τi
TR

(p) is the time delay in the

ith view, which is related to the ray path from the trans-

mitter T to the image pixel (p) and reflected or scattered

to the receiver R.

Due to constraints in array design, including the lim-

ited element count and geometry arrangement flexibil-

ity, ultrasonic imaging using a single view produces

large imaging artifacts. Therefore, multiple ultrasonic

views are implemented, as the complementary infor-

mation from each view contributes to enhancing the fi-

nal image quality. There are three types of ultrasonic

transmitting and receiving (TR) ray paths (i.e. imag-

ing views i) currently considered in the Pipe-MTFM

imaging algorithm, the direct, halfship, and fullskip ray

paths. These ray paths consist of non-skip ray (blue

line) and skip ray (black line), as illustrated in Fig.4(a).

The reflection point of a skip ray is determined using

Fermat’s Principle of Least Time for a given pixel coor-

dinate (marked as grey dot). Specifically, the direct ray

path is composed of non-skip rays for both the transmit-

ting and receiving paths. The half-skip ray path com-

bines a non-skip ray and a skip ray for the transmitting

and receiving paths, respectively, while the full-skip ray

path includes two skip rays for both transmitting and

receiving paths.

Tippet’s fusion approach, is used to combine images

generated from the three ray paths into one single view

[50, 51]. This process can be expressed as,

Uti = max
i

U i

σ̂i
u

, (2)

where Uti denotes the fused Pipe-MTFM image by Tip-

pet’s data fusion method. σ̂i
u denotes the typical noise

pre-measured from pristine pipe structures. It is the

maximum likelihood estimator (MLE) of a Rayleigh

distribution fitted from a set of pristine pipe images (100

images used in this paper).

For the convenience of structural analysis and object

profiling, the fused Pipe-MTFM image, Uti(p), is bina-

rised by an image intensity threshold,

Bti(p) =















1, if [Uti(p)/Un] ≥ Ur,

0, otherwise,
(3)

where Bti(p) is the binarised image intensity at pixel p

fused by Tippet’s method. Un is the reference inten-

sity for the image normalisation process, which is the

maximum intensity measured from a plate reflector at

50 cm in open-air. Ur is the intensity threshold in the

decibel scale for image binarisation. A single threshold

for ultrasonic image binarisation is unreliable for fea-

ture characterisation based on imaging, as the ultrasonic

image intensity varies with the feature, the distance and

the ultrasonic ray path. Hence, a variable ultrasonic im-

age binarisation process is used to generate ultrasonic

binary images by a changeable threshold, which is var-

ied in steps, from -10 dB to -25 dB. The system imple-

mentation of this dynamic ultrasonic image binarisation

process is described in Section 5.

Fig.4 show a set of examples of Tippet’s fused Pipe-

MTFM binary images. Fig.4(a) shows an empty pipe

section at -25 dB. Accordingly, Fig.4(b) to (f) show

an irregular wood stack blockage sample (b), a clay

wedge sample (c), an aligned pipe joint (d), a tilted pipe

joint (e), and a 90◦ pipe junction (f), respectively. Note
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(a) (b) (c)

(d) (e) (f)

Figure 4: Examples of Tippet’s fused multi-view pipe TFM images, (a) an empty pipe section with schematically drawn direct (blue line) and skip

(black line) rays and pixel markers, (b) a wood stack blockage sample, (c) a clay wedge blockage sample, (d) an aligned joint, (e) a tilted joint, and

(f) a junction, which has two joints separated by appropriately 50 cm.

that photos of these samples used in the experiment are

shown in the supplementary information, Section S4.

It can be found that the threshold for image binarisa-

tion varies with respect to the feature type and distance.

Also, for blockage-type features, such as the wood stack

and the clay wedge, the non-zero image pixels are clus-

tered in the XY-plane (i.e. the cross-section plane) of the

pipe imaging area. While, for pipe-structural features,

the high intensity pixels tends to be located uniformly

around the pipe boundary. This phenomenon is related

to the physical shape of the features, and is used in later

sections for feature classification.

4. Ultrasonic image classification

4.1. Pipe-MTFM image processing

The example Pipe-MTFM images shown in Fig.4 are

3D cylindrical binary images (Bti). To enable robotic

control with low computational power, these images

must be further simplified into parametric information.

Here, a Radon Pipe Transform (RPT) is used to simplify

the data as illustrated in Fig.S4 (Section S5). From the

RPT, three characterisation parameters, are defined: the

axial distance (dz), the axial spread (Nz) and the angular

non-zero ratio (rnz), of the imaged feature are obtained

from the RPT spectra. dz in centimetres (cm) indicates

axial location of the feature. Nz in pixels (px) indicates

the axial length of the feature. rnz indicates the angular

non-zero ratio (no unit), which describes the radial uni-

formity of the pixels. The mathematical expression of

rnz is written as,

rnz =
1

Nϕ

Nϕ
∑

i=1

[















1 if : f (ϕi) , 0

0 if : f (ϕi) = 0

]

(4)

where f (ϕ) denotes the angular spectrum from the RPT.

Nϕ is the total number of angles in the RPT. The rea-

son for using rnz is that this parameter is sensitive to

the angular change in the XY-plane (the cross-sectional

plane) of the Pipe-MTFM image. Collectively, these

metrics can be used to classify blockage-type features

from structure-type features, as discussed in Fig.4.

4.2. Parametric Relationships

Fig.5 shows the relationships of the three proposed

parameters, dz, Nz, and rnz. Fig.5(a) shows the relation-

ship of the axial distance (dz) and the angular ratio (rnz).

It can be seen that rnz is sensitive to the difference be-

tween a blockage and a pipe structure (including aligned

and tilted structures), which agrees with the previous
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(a)

(b)

(c)

Figure 5: The relationships among dz, Nz, and rnz with respect to three

typical pipe features of sewer pipes, aligned structure, tilted structure,

and blockage. (a) shows the relationship between dz and rnz. Accord-

ingly, (b) shows the relationship between dz and Nz, and (c) shows the

relationship between rnz and Nz. Note that 330 measurements in to-

tal were used in this plot measured from five types of features, which

include a wood stack, a clay wedge, an aligned joint, a aligned 90◦

junction (as two aligned joints separated by 50 cm), and a tilted joint,

in various distances.

discussion. It is also worth noting that rnz shows better

blockage separation capability from 40 cm to 100 cm

in the axial direction. This optimal inspection region is

due to the element geometry design of the implemented

ultrasonic array. A blockage appears as a pipe structure

in a Pipe-MTFM image when the feature is close to the

array (< 40 cm), which generates inaccuracy when us-

ing rnz to distinguish blockage-type features.

Fig.5(b) shows the relationship of dz and Nz. It can

be seen that the tilted structure feature is sensitive to the

Nz parameter, as the imaging profile of a tilted structure

tends to spread out along the axial direction (Z-axis)

compared to those imaging profiles of aligned structures

and blockages. Nz also shows a correlation to dz, which

indicates an optimal distance range from 40 cm to 100

cm where the tilted structure is more separable from

aligned structure and blockage features by Nz. Hence,

an axial distance limit for ultrasonic imaging inspection

should be set in the robotic motion control.

Fig.5(c) shows the relationship of rnz and Nz. Note

that, data with dz smaller than 40 cm or larger than 100

cm are filtered out from this plot. It can be seen that

the three types of features are separated and clustered

using both rnz and Nz. Hence, using these parameters

feature classification, specifically for the aligned struc-

ture, tilted structure, and blockage, can be implemented

into the robotic logic control. Note that, the k-means

classifier (KNN) is used here to set up boundaries and

classify features based on the proposed parametric study

by a supervised learning approach.

5. Autonomous sensing logic

As discussed, the implemented low-frequency acous-

tic method offers advantages in long-range sensing and

signal simplicity for robotic applications, while the pro-

posed high-frequency ultrasonic method shows advan-

tages in high-resolution characterisation, feature clas-

sification and also signal simplicity for in-pipe inspec-

tions. This paper develops an autonomous in-pipe

sensing approach based on a dual-resolution acoustic

strategy, integrating low-frequency acoustic waves with

high-frequency ultrasonic waves for sewer pipe inspec-

tions.

5.1. Sensing range assessment

As the inspection range of the acoustic and ultrasonic

sensing are different, a distance calibration is conducted

to characterise the optimal sensing region of those two

sensing methods.

An experiment was designed to measure the distance-

dependent SNR, where setup is schematically shown in

8



(b)

(a)

(c)

Figure 6: Sensing range calibration of the acoustic and the ultrasonic

sensing methods, (a) schematically shows the experimental setup for

the distance-dependent SNR calibration, (b) shows the acoustic SNR

variation along the axial distance, and (c) shows the ultrasonic SNR

variation along the axial distance. Note that this calibration was con-

ducted 10× to evaluate the SNR repeatability, stable SNR calibrations

are shown in the range from 200 cm to 540 cm, in which range the

SNR standard deviation values are ≤ 5.

Fig.6(a). The robot was placed in a manhole, which is

connected at to a pipe section with a total length of 600

cm. A 3D-printed low-level blockage with a height of

4.5 cm (10% blockage) was used as a reference feature

for the distance-dependent SNR calibration. The feature

position was varied from 60 cm to 600 cm in increments

of 20 cm for the acoustic sensing calibration, and 60 cm

to 200 cm with the same increment for the ultrasonic

sensing calibration. The signals measured from this ex-

periment were then used to calculate the SNR as,

S NR(d) =
A(d)

σ(d)
(5)

where A(d) here denotes the maximum amplitude of an

acoustic signal or maximum intensity of an ultrasonic

image at distance d. σ(d) denotes the typical noise level

which is pre-measured from a pristine pipe setup.

It can be seen from Fig.6(b) that the SNR of acoustic

sensing increases when the reference feature is between

60 cm and 240 cm away. This is because there is acous-

tic crosstalk at the start (time zero) generated by both

the excitation vibration from the speaker and the acous-

tic oscillation in the manhole. The SNR value of acous-

tic sensing then stabilises between 240 cm and 540 cm.

The SNR value then decreases at longer distances. This

SNR decrease is due to the pipe length limit (600 cm)

of the experimental setup. From Fig.3(a), an acoustic

echo is generated at the pipe end due to the impedance

difference, which causes the SNR reduction near to the

pipe end.

Fig.6(c) shows the calibrated distance-dependent

SNR for the ultrasonic imaging device. It can be seen

that the SNR value peaks at the start when the reference

feature is close to the robot. It then decreases with dis-

tance reaching a plateau at 100 cm. Regarding the previ-

ous ultrasonic imaging distance results shown in Fig.5,

the sensing range for ultrasonic imaging is set from 20

cm to 120 cm to avoid the dead-zone area of the array

at time zero and maintain high resolution imaging cov-

erage. For feature characterisation, a subset range of 40

cm to 100 cm in the images is used, following the results

shown in Fig.5.

5.2. Sensing logic for robot motion control

According to the acoustic sensing results shown in

Fig.3 and the sensing range calibration in Fig.6, it can

be seen that acoustic sensing is good for long-range

coverage but limited in its accuracy, which generates

errors for feature localisation. Ultrasonic imaging us-

ing a transducer array has much shorter wavelength

and hence has the potential for much greater charac-

terisation performance, albeit over a shorter range [52].
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Hereby, robot moving steps, dia can be obtained based

on the feature distances, da, from the acoustic sensing.

diu is the corrected moving step based on ultrasound to

correct uncertainty in position. Details of the dia and diu

calculations are shown in Section S3.2. duc denotes the

position adjustment within each moving step according

to ultrasonic sensing for better feature inspection, i.e.

to control the distance between the array and a feature

between 40 cm to 100 cm. Distance data from motor

encoders shows large errors (in Section S7) and is not

used in the current paper.

Based on the discussions above, an autonomous sens-

ing logic is developed using both the acoustic and the

ultrasonic methods for pipe inspections, as shown in

Fig.7. As the acoustic sensing is suitable for long-range

feature scoping, the process is started by acoustic sens-

ing to determine potential features inside the pipe po-

tentially up to the next manhole, which can be identified

from the received acoustic signal by its high amplitude

and long-duration echo. Locations of the potential fea-

tures can then be extracted from the acoustic signal and

the robot will drive down to those features one by one

for detailed characterisation with ultrasonic imaging. At

each location, a Pipe-MTFM image is generated from

the ultrasonic sensing.

Ultrasonic image binarisation is then performed to

analyse the feature profile according to the image

threshold, Ur. The system evaluates whether the num-

ber of pixels (Np) exceeding the threshold is sufficient

(Np > 125). This reference value is determined by the

robot’s chassis height (4 cm) and pixel size (0.8 cm),

ensuring any potential blockage feature bigger than the

robot (i.e. occupying a pixel volume of 5 × 5 × 5) can be

detected at the given threshold. If the pixel count above

Ur is insufficient, the system decreases the threshold by

5 dB and repeats the binarisation process. If the pixel

count remain below the threshold even at -25 dB, the

system identifies the current pipe section as empty and

proceeds to the next dia. If the pixel count exceeds the

threshold, the binarised ultrasonic image will pass to the

next stage for feature characterisation and classification,

following the RPT characterisation procedures.

Based on the characterisation results, the system will

determine whether the distance between the robot and

the feature is within an appropriate distance range (40

cm to 100 cm) to decide whether to apply a position ad-

justment, duc for better ultrasonic imaging inspection. If

this position adjustment is unnecessary, the system will

then evaluate whether the feature is a structure-type ob-

ject or a blockage-type object. If it is a potential block-

age, the system will drive the robot back to the start. If

the feature is classed as a structure, the system will then

Manhole

Report

Acoustic
Sensing

Object Locations𝑑𝑖𝑎 𝑛 ,𝑛 ∈ 1,2, … ,𝑁
Move

Ultrasonic
Acquisition & Imaging
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& Classification

Pipe Structure

Move Back to the Start

Manhole End

𝑑𝑍
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No
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No𝑑𝑖𝑢

𝑑𝑢𝑐

𝑑𝑖𝑎
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Binarisation (𝑈𝑟)

𝑈𝑟 > −25 𝑑𝐵 𝑁𝑝 > 125 𝑝𝑥
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Figure 7: Diagrams of the autonomous sensing and robot positioning

logic for pipe inspection by the combination of acoustic and ultrasonic

sensing techniques.
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consider whether this feature is the manhole (i.e. pipe

end) location acquired from the acoustic sensing. If it is

the manhole, the system will also drive the robot back

to the start and report this. If not, the system will then

drive the robot to the next inspection point according to

the acoustic sensing result.

6. Autonomous pipe inspection

6.1. Experimental pipe setup

Fig.8 illustrates the experimental setup built to val-

idate the autonomous pipe inspection approach. The

setup incorporates six pipe sections, a 90◦ junction, a

120 cm lateral section, and a manhole. The total length

of the setup is approximately 1800 cm, with the inspec-

tion starting position marked by a red arrow on the far

right of the pipe network. From the starting position,

the first three pipe sections were rubber-sealed and pre-

cisely aligned, these are good pipe structures and acous-

tically invisible. A 120 cm pipe lateral and a 90◦ junc-

tion were positioned at the end of the fourth section. A

tilted joint was placed at the end of the fifth section, and

a manhole (i.e., the pipe end) was located at the end of

the setup. Consequently, there are four detectable fea-

tures in this setup for acoustic sensing: the start of the

junction (1130 cm), the end of the lateral (1250 cm), the

tilted pipe joint (1500 cm), and the pipe end manhole

(1800 cm). Photos of those acoustically detectable fea-

tures are shown in Fig.S5 (Section S6). Overall, there

are 7 features in total in the experimental setup. The first

3 pipe joint features are good structures which are unde-

tectable by acoustic sensing. The following 4 features

are designed to be detectable and marked by numbered

red arrows in Fig.8.

6.2. Autonomous inspection results

Following the autonomous sensing and positioning

logic outlined in Fig.7, a total of 30 inspection trials

were conducted without any human intervention. Each

trial begins with the robot positioned at the starting man-

hole, it then proceeds to inspect the entire pipe system,

following the proposed sensing and positioning logic

until reaching its endpoint. Fig.9 shows results obtained

from one example run, which starts with the capture of

an acoustic signal shown in Fig.9(a). It can be seen that

the echo generated by the pipe end manhole, noted as

(4), at 1800 cm is the largest echo whose amplitude is

used as the reference to extract the distance information

for other acoustically detectable features. Echoes, noted

as (1), (2), and (3) are generated by the 90◦ junction, the

end of the pipe lateral, and the tilted joint features, re-

spectively. Corresponding ultrasonic Pipe-MTFM im-

ages are shown in the figure with the same numbering.

Fig.9(1) and (4) clearly show the aligned joint structure

of the pipe junction and the pipe end manhole. In terms

of the tilted joint, it looks like a blockage in Fig.9(3),

which is due to the view angle of the 3D image.

Fig.9(2) indicates that there is no feature in the main

pipes at the echo (2) location shown in the acoustic re-

sult. This is because the acoustic wave can propagate

into the pipe laterals, and generate backscattered echoes

at the features inside along the pipe lateral. These

echoes appear in the acoustic signal which cause arti-

facts for acoustic sensing in the main pipe. Hence, ul-

trasonic imaging can be used to distinguish the acoustic

echoes generated in pipe laterals. If the ultrasonic imag-

ing result shows an empty pipe section at a location re-

ported by the acoustic sensing, it can then confirm that

the acoustic echo is generated from propagation within

pipe laterals, rather than the main pipe.

Repeatability analysis is performed based on the in-

spection results from the 30 inspection trials. Fig.10

shows the results of the repeatability analysis. Fig.10(a)

shows the repeatability analysis of the sensing locali-

sation performance for detectable features. Feature lo-

cations of the junction (1), the tilted joint (3), and the

pipe end manhole feature (4) are distance values ob-

tained from the dual-resolution acoustic sensing. The

location of the lateral end (2) is only calculated based

on the acoustic sensing results as this feature is inside

the pipe lateral, rather than the main pipe. Hence this

feature cannot be detected by the ultrasonic imaging.

The variation in feature localisation is minimal relative

to the scale of the pipe network. The average standard

deviation for feature localisation at the pipe junction (1),

lateral end (2), and pipe end manhole (4) is 8.0 cm, with

the highest standard deviation of 9.6 cm observed at the

pipe end manhole (4) in a pipe system with a total length

of 1800 cm. The maximum localisation error recorded

is 25 cm, occurring at the pipe end manhole (4). Note

that there is one outlier shows in Fig.10(a) for the tilted

joint (3) localisation. This outlier is generated due to

the large error from the acoustic sensing which exceeds

the correction range of the ultrasonic sensing (currently

limited to 120 cm in the experiment). This error can

be solved by increasing the detection range of the ultra-

sonic imaging.

Fig.10(b) shows the repeatability analysis on the ul-

trasonic image classification. It is worth noting that, as

mentioned in Section 4, features that are classified in

this work are empty pipe (EP), blockage (B), aligned

structure (AS, including aligned pipe joint, junction and
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Figure 8: Photo of the pipe setup used for the autonomous inspection experiment. The starting position of the inspection is marked by a red arrow

in the photo. A schematic at the bottom illustrates the locations of all designed features in the setup. Four key features to be characterised during

the inspection are indicated by numbered red arrows: (1) the pipe junction, (2) the lateral end, (3) the tilted pipe joint, and (4) the pipe end manhole.

All pipe joints of these black pipes are rubber-sealed and precisely aligned, and the pipe sections and fittings used in this setup are certified to the

BS EN 1401-1 standard.

end manhole), and tilted structure (TS, including tilted

pipe joint, junction, and end manhole). Based on the de-

signed pipe network shown in Fig.8, classification result

should report ’AS’ at the pipe junction feature (1), ’EP’

at the lateral end location (2), ’TS’ at the tilted pipe joint

feature (3). and ’TS’ at the pipe end manhole feature

(4). Due to space constraints in the experimental area,

a gap exists between the manhole and the pipe end, as

illustrated in Fig.S5. This gap causes the robot to report

’TS’ when capturing the manhole gap and ’AS’ when

detecting only the pipe end.

Fig.10(b) shows the classification results grouped ac-

cording to the actual pipe features. In general, there

should be 4 detected features in each inspection trial,

which yields a total detection number of 120 for 30 in-

spection trials. However, due to the short pipe lateral

length and the instability of acoustic sensing, the lateral

end feature is missed occasionally during the inspection.

Hence, the total feature detection number is 106 across

the 30 trials. There are 13 missing reports for the lat-

eral end feature and 1 missing report for the pipe end

manhole feature.

Fig.10(b) and (c) are combined to show the feature

classification accuracy of the developed robot system.

It can be seen that a 100% accuracy is shown for the

first pipe junction feature (1). While, it is only 53% for

the lateral end feature (2) as there are 13 ’missing’ re-

ports. The classification accuracy is 94% if the missing

count is excluded, as it shown in Fig.10(c). The clas-

sification accuracy of the tilted pipe joint feature (3) is

77% (23) from the 30 inspection trials. The tilted joint

occasionally looks like an aligned joint when the ul-

trasonic image is binarised (as illustrated in Fig.S3(g)).

This caused the error report in the feature classification

and can be improved by tuning the decibel range for

plotting. Also, the ’EP’ report at the tilted pipe joint is

due to the large distance error from the acoustic sens-

ing exceeded the compensation range using ultrasonic

imaging. This large distance error makes the robot stop

at an empty section and causes the ’EP’ report at the

tilted pipe joint feature. This error can be improved by

increasing the ultrasonic sensing range, as it is currently

limited to 120 cm. For the pipe end manhole feature (4),

the classification accuracy is 73% (22 ’TS’ report) out

of the 30 trials. The overall classification accuracy of

both feature 3 and 4 is 76% as shown in Fig.10(c). The

’AS’ reports (10 in total) are due to the overlapped ul-

trasonic amplitudes of ’AS’ and ’TS’ classes, and hence

that cannot always be correctly classified, as shown in

Fig.S3(i). There is one report that the pipe end manhole

is recognised as a blockage ’B’. This is due to the in-

consistent ultrasonic responses at the pipe end and the

image of this report is shown in Fig.S3(h).
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(a)

(1)

(3) (4)

(2)

(1) (2)

(b)

Figure 9: Acoustic and ultrasonic sensing results from the autonomous pipe inspection experiment, (a) is the acoustic signal acquired from the pipe

network setup, (b) show the ultrasonic images captured at the acoustic echoes shown in (a), corresponding to the feature numbering shown in Fig.8,

respectively the start joint of the 90◦ junction (1), the acoustic artifacts generated by the lateral end (2), the tilted pipe joint (3), and the pipe end

manhole (4), respectively.
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(a)

(b)

(c)

Figure 10: Autonomous inspection by the dual-resolution acoustic

sensing measure, (a) shows the repeatability plot of the detected lo-

cation of those pipe features, (b) shows the repeatability analysis of

the feature classification based on ultrasonic imaging results, and (c)

shows the confusion matrix of the robot reports. Note that feature 1

should be ’AS’, feature 2 should be ’EP’, and feature 3 and 4 should

be ’TS’, due to the miss-aligned manhole setup shown in Fig.S5.

7. Conclusions

This paper demonstrated a robotic apparatus devel-

oped for autonomous pipe inspection, using a dual-

resolution acoustic sensing measure. The robot was

equipped with a low-frequency (300 Hz to 600 Hz)

acoustic sensing system for long-range, coarse identi-

fication of potential features within pipes. Addition-

ally, a short-range, air-coupled ultrasonic imaging sys-

tem was incorporated, leveraging the Pipe-MTFM ul-

trasonic imaging algorithm for high-resolution feature

characterisation. This integrated dual-resolution acous-

tic sensing approach allows the robotic apparatus to per-

form autonomous inspections within a controlled labo-

ratory pipe network.

Thirty autonomous inspection trials were conducted

within a specially designed pipe network spanning 1800

cm. Four artificial features were strategically placed

within this network for evaluation. The combined use

of acoustic and ultrasonic sensing yielded good feature

localisation accuracy, with a maximum error of 25 cm

observed at the pipe end manhole feature across all tri-

als. Additionally, the inspections demonstrated good re-

peatability, with an average standard deviation of 8 cm

noted across all four features. Given the scale of the

pipe network, these errors are relatively small, affirm-

ing the accuracy of the proposed sensing combination

for feature localisation in autonomous inspection exper-

iments. Moreover, there are total 106 feature detections

reported by the robot after 30 inspection trials, which

should have 120 feature detections according to the pipe

setup. This feature missing error is because the neigh-

bouring features are too close for the acoustic sensing,

which means one of the features can only be detected

occasionally.

In terms of feature classification accuracy, the pro-

posed robotic apparatus achieved rates of 100%, 53%

(94% excluding the acoustic missing error), 77%, and

73% for the pipe junction (1), the lateral end (2), the

tilted pipe joint (3), and the pipe end manhole (4), re-

spectively. The classification accuracy is constrained by

limitations in both the acoustic sensing and ultrasonic

imaging processes. Acoustic sensing occasionally fails

to detect a feature when two features are situated close

to each other. Moreover, the ultrasonic imaging results

can vary for the same feature depending on the thresh-

olds set for image binarisation, leading to inconsisten-

cies in feature classification based on the three param-

eters, dz, Nz, and rnz. However, it is important to note

that, for the pipe setup used in the experiment, the pro-

posed dual-resolution acoustic sensing method success-

fully detects all designed failure structures without any
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missing reports.

Based on the findings of this study, future improve-

ments can focus on three parts. Firstly, improving

the image binarisation process for ultrasonic imaging

may improve the precision of image-based classifica-

tion. Secondly, expanding the feature classification pro-

cess to involve a broader range of feature types would

enable more precise robotic control during autonomous

in-pipe inspections. Finally, conducting additional trials

in real-world pipe systems will be essential for validat-

ing the proposed autonomous inspection approaches.
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