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ABSTRACT 

Leaking pipes pose a significant threat to sustainable practices in the modern world, as 

substantial volumes of water are lost between treatment facilities and end-users. This not only 

wastes valuable water resources but also results in considerable energy losses associated with 

pumping and treatment processes. To address this issue, water companies deploy various 

devices to detect leaks within their distribution networks. Among these devices are tools that 

leverage the vibro-acoustic characteristics of leak noise to detect and pinpoint leak locations. 

Examples include listening sticks/rods, geophones, and leak noise correlators, being the latter 

a widely used tool for precise leak localization, requiring complex signal processing. Leak noise 

correlators rely on at least two sensors placed onto the vibrating pipe system to estimate the 

time delay between signals and determine the leak position, provided the leak noise velocity is 

known beforehand. However, these devices are based on contact measurements, which can be 

challenging in scenarios where access to buried pipes is limited or when hydrometers and 

hydrants are inaccessible, as is often the case in Brazil. To overcome these challenges, this work 

investigates the use of cameras as non-contact sensors by employing computer vision 

techniques. A key advantage of this approach is that any pixel in the camera's field of view can 

serve as a measurement point (sensor). This method is particularly relevant for scenarios where 

achieving a low Signal-to-Noise Ratio (SNR) is crucial, as leak vibration amplitudes are 

typically small and can be masked by instrument and background noise. Therefore, this study 

outlines a systematic procedure to achieve a sufficiently low SNR using standard cameras, 

enabling single-point (amplitude-only) or multi-point (amplitude and phase) measurements via 

Optical Flow techniques for displacement tracking. The developed procedure was evaluated on 

a bespoke test bench designed to simulate controlled leak conditions. Results demonstrated the 

feasibility of using the proposed technique to track leak noise at low frequencies, constrained 

by the camera's frame rate. Additionally, ground vibration measurements were conducted to 

localize actual leak noise sources. The results are promising, indicating that phase 

measurements obtained through this technique can be effectively used to estimate leak 

locations. 

 

Keywords: Leak Localization, Computer Vision, Vibration analysis. 

   



 

 

 

RESUMO 

Vazamentos de água representam uma ameaça à sustentabilidade no mundo moderno, já 

que um volume substancial de água é perdido entre as instalações de tratamento e os usuários 

finais, resultando em um grande desperdício de energia para bombeamento e procedimentos de 

tratamento. Para enfrentar esse desafio, as empresas de água utilizam diversos dispositivos para 

detectar vazamentos em suas redes. Entre esses dispositivos estão aqueles que utilizam as 

características vibro-acústicas do ruído do vazamento para localizar sua posição. Os 

dispositivos mais comuns são a haste de escuta, geofone, e correlacionador de ruído de 

vazamento, sendo este último uma ferramenta amplamente utilizada para determinar a posição 

do vazamento, mas que apresenta um complexo de processamento de sinal. Além disso, os 

correlacionadores de ruído utilizam pelo menos dois sensores ao longo da tubulação, de modo 

que o atraso temporal entre os sensores possa ser estimado e a posição do vazamento seja 

determinada, quando a velocidade do ruído de vazamento é conhecida/estimada a priori. 

Medidas de contato são utilizadas para qualquer um desses dispositivos, o que pode ser difícil 

quando o acesso à tubulação enterrada é limitado ou quando hidrômetros/hidrantes estão fora 

de alcance, o que é comum no Brasil. Portanto, este trabalho tem como objetivo investigar o 

uso de câmeras como alternativa para medidas não contato utilizando técnicas de visão 

computacional. Além do mais, cada pixel pode ser tratado como uma posição de medição 

(sensor), o que pode ser vantajoso para detecção de vazamentos. Essa técnica é viável quando 

se alcança uma baixa relação sinal-ruído (SNR), já que a amplitude da vibração do vazamento 

é muito pequena e pode ser corrompida pelo ruído de instrumentação ou ruído de fundo. 

Portanto, um procedimento sistemático para obter um SNR suficientemente baixo para câmeras 

comuns é descrito neste trabalho, de modo que a medição de ponto único (amplitude) ou de 

múltiplos pontos (amplitude e fase) possa ser realizada utilizando métodos de rastreamento de 

deslocamento. O procedimento desenvolvido é então utilizado para mostrar a viabilidade de 

detectar vazamentos usando uma banca de testes, onde condições específicas podem ser 

simuladas. Foi demonstrado que a técnica desenvolvida pode rastrear o ruído do vazamento em 

baixas frequências. Além disso, medidas reais da fonte de ruído do vazamento usando vibrações 

de superfície foram feitas para mostrar a viabilidade da técnica. Os resultados são promissores, 

de modo que a fase medida pode ser usada para estimar a localização do vazamento. 

Palavras–chave: Localização de Vazamentos, Rastreamento com câmera, Análise de 

Vibração 

  



 

 

 

LIST OF ILLUSTRATIONS 

Figure 1: Illustration of the constant intensity assumption for Optical Flow calculation.

 .................................................................................................................................................. 25 

Figure 2: Optical Flow indication (green arrows) of some points over a surface for 

different frames of a video........................................................................................................ 26 

Figure 3: Edge representation, the graph of the intensity change in the x direction, and the 

derivative (gradient) of the pixel intensity variation. ............................................................... 26 

Figure 4: (a) Original video frame, (b) Result of the Sobel operator in the y direction, (c) 

Result of the Sobel operator in the x direction, (d) Result of the Sobel operator in the x and y 

direction simultaneously. .......................................................................................................... 27 

Figure 5: Convolution process of one pixel of the image. .............................................. 28 

Figure 6: (a) Artificial video with one corner being tracked, (b) Artificial video with all 

corners being tracked. ............................................................................................................... 29 

Figure 7: (a) Real and Tracked displacement from one corner of the white square, (b) 

Variation on the tracked position between frames with an average of 0.018 pixels, (c) Real and 

Tracked displacement from all corners of the white square, (d) Variation on the tracked position 

between frames with an average of 0.009 pixels. ..................................................................... 30 

Figure 8: Examples of different color contrasts. Color distances: (a) 1, (b) 0.7, (c) 0.3, and 

(d) 0.05. .................................................................................................................................... 34 

Figure 9: Maximum coherence value between displacement signals extracted from the 

artificial video for each normalized color distance value. ........................................................ 35 

Figure 10: (a) Photo of the experiment setup. (b) Sketch of the experiment showing the 

angle being changed ................................................................................................................. 35 

Figure 11: (a) PSDs of the extracted shaker signals from the camera at 0° (red), 

30°(green), 60°(blue) and 90°(yellow), and accelerometer (black), (b) Coherence and (c) 

Unwrapped phase plots between two regions of the shaker surface for each angle. ................ 37 

Figure 12: Videos Frames from the (a) ISO 200 and (b) ISO 12800 videos. ................. 38 

Figure 13: (a) Time domain signals filtered between 20Hz and 480 Hz, from the ISO 200 

video (blue) and the ISO12800 video (red), and (b) PSDs from the respective signals and from 

some other ISO values in-between. .......................................................................................... 38 

Figure 14: Single shaker 100Hz test setup. (a) Camera and Shaker and (b) Cropped grey 

scale video frame. ..................................................................................................................... 40 



 

 

 

Figure 15: 7.5 210 mm RMS (a) time domain signal (red) with background noise (blue) 

and (b) Respective PSDs. 42.3 10 mm RMS (c) time domain signal (red) with background noise 

(blue) and (d) Respective PSDs. .............................................................................................. 41 

Figure 16: Pink noise experiment setup ......................................................................... 42 

Figure 17: Pink noise experiment results: (a) PSDs of the first (red) and second (blue) 

shaker regions and of the background noise (grey) with the bandwidth selected for the 

correlation coefficients calculation is shaded in grey, (b) Coherence between shaker regions 

(black) (c) CPSD between the shaker regions (black), (d) Unwrapped phase between shaker 

regions (black) and a zero degree phase line (green) for comparison, (e) Autocorrelation 

Coefficient of the first and second shaker regions and the Cross Correlation Coefficient between 

regions. ..................................................................................................................................... 43 

Figure 18: Test Bench: a) Schematic of the pipe response due to leak noise excitation 

conducted by using the test bench; b) Test setup, c) Actuators (shakers) and sensors of the test 

bench. ....................................................................................................................................... 44 

Figure 19: Schematic diagram for the wave propagation in a buried pipe system. ........ 45 

Figure 20: Simulated conditions synthetic using the model (black solid line) and the 

actuator response measured by accelerometers (grey solid line) together with the background 

noise (blue dotted line). (a) PSD of P1; (b) PSD of P2; (c) Coherence between P1 and P2; (d) 

Modulus of the CPSD between P1 and P2; (e) Phase of the CPSD; (f) Correlation coefficient 

between P1 and P2. The frequency bandwidth over which the Cross-correlation coefficient is 

conducted is depicted in the phase. .......................................................................................... 48 

Figure 21: Experiment setup with the camera recording the test bench’s shakers. ........ 49 

Figure 22: (a) PSDs from the shaker 1 extracted by the camera (red) and accelerometer 

(yellow), from shaker 2 extracted by the camera (blue) and accelerometer (green), and the 

camera’s background noise (dotted black). (b) CPSDs of the camera signals (black) and 

accelerometers’ (grey). (c) Coherence of the camera signals and accelerometers’. (d) 

Unwrapped phase between camera signals and accelerometers’. (e) Cross Correlation 

Coefficient of the camera signals and accelerometers’. ........................................................... 50 

Figure 23: Distance experiment setup. ........................................................................... 51 

Figure 24: Distance experiment results. (a) PSDs from first shaker recorded at 50cm (red), 

at 150cm (blue), respective background noises (pink and light blue), and from the accelerometer 

(black), with the useful bandwidth delimited shaded grey, (b) The coherences between shakers 

signals at 50cm, 150cm, and accelerometer , (c) CPSDs between shakers signals at 50cm, 



 

 

 

150cm, and accelerometer, (d) Unwrapped phase between shaker signals at 50cm, 150cm, and 

accelerometer, (e) Cross Correlation Coefficient from the shaker signals at 50cm, 150cm, and 

accelerometer. ........................................................................................................................... 52 

Figure 25: Section of the videos’ frames. (a) Sony RX100 IV and (b) Basler ace 2 

a2A1920-160umBAS ............................................................................................................... 53 

Figure 26: Results from the camera comparison, (a) PSDs from the shaker signals 

recorded with the Basler camera (red), with the Sony camera (blue), respective background 

noises (pink and light blue), and from the accelerometer (black) with the useful bandwidth for 

each camera delimited. (b) The coherences between shaker signals recorded with the Basler 

camera, with the Sony camera, and accelerometer (c) CPSDs from the shaker signals recorded 

with the Basler camera, with the Sony camera, respective background noises, and from the 

accelerometer. (d)Unwrapped phase between shaker signals recorded with the Basler camera, 

with the Sony camera, and accelerometer, (e) Cross Correlation Coefficient from the shaker 

signals recorded with the Basler camera, with the Sony camera and accelerometer. .............. 54 

Figure 27: Number of points being tracked. ................................................................... 55 

Figure 28: Results from the number of points test. (a) PSDs from the displacement signals 

using 1 (blue) and 40 tracked points (red), with 10 and 20 intermediaries represented in grey. 

(b) Coherence between signals using 1 and 40 tracked points, with 10 and 20 intermediaries 

represented in grey.................................................................................................................... 55 

Figure 29: Different Pixel Kernel sizes. .......................................................................... 56 

Figure 30: Different tracking areas and the reflection on the borders. ........................... 57 

Figure 31: Time signal extracted from the camera using 11 pixels (red) and 201 pixels 

(blue) tracking neighborhoods. ................................................................................................. 57 

Figure 32: (a) PSDs of the signal extracted with different pixel neighborhoods: 11px (red), 

201px (blue) and the accelerometer (black). (b) Coherence between signals extracted from the 

different shakers using different pixels neighborhoods and accelerometer. (c) CPSDs between 

the recorded signals of the shakers using different pixel neighborhoods and accelerometer. (d) 

Unwrapped phase between signals extracted from the different shakers using different pixels 

neighborhoods and accelerometer. (e) Cross Correlation Coefficients of the signals extracted 

from the different shakers using different pixels neighborhoods and accelerometer. .............. 58 

Figure 33: Flowchart demonstrating the setup and application of the camera technique for 

vibration analysis. With the yellow representing the object preparation, blue the camera setup, 

red the recording stage, and green the pos-processing. ............................................................ 61 

Figure 34: Experiment schematic. .................................................................................. 63 



 

 

 

Figure 35: Results of the experiment using the leak noise simulator test bench: (a) PSDs 

from the first shaker extracted with the camera (red) and accelerometer (yellow), and from the 

second shaker extracted with the camera (dark blue) and accelerometer (light blue). The 

background noise is also depicted for the camera (dotted grey) and accelerometer (dotted 

orange). The shaded regions represent the useful bandwidth. (b) The Coherence between 

camera signals (black), and accelerometer signals (grey). (c) The CPSDs from the camera 

signals and accelerometer signals. (d) The Unwrapped phase between camera signals, 

accelerometer signals and the theoretical phase (dashed green line). (e) The Cross Correlation 

Coefficient presenting the time delay performed using camera signals and accelerometer 

signals....................................................................................................................................... 64 

Figure 36: (a) Leak location found by the water company. (b) Distribution of tracked 

points and accelerometers. ....................................................................................................... 65 

Figure 37: Camera video frame, highlighting one the ground mark used to facilitate the 

tracking procedure using camera. ............................................................................................ 66 

Figure 38: Camera Experiment Setup. (a) Overview of the location with company 

technicians and engineers, (b) Camera and Acquisition system assembly, (c) Accelerometer 

positions, (d) camera recording position for the line recording. .............................................. 66 

Figure 39: Water leak fixing process: (a) Dug hole, (b) Exposed pipes and water being 

pumped, (c) Real leak position representation, (d) Leak fixed with a repair clamp. ............... 67 

Figure 40: PSDs of the signals from accelerometers 1(blue dashed line) and 3 (red dashed 

line) together with extracted signals with the camera (grey scale) ate these positions. ........... 68 

Figure 41: Correlation of camera data: (a) Unwrapped Phase (b) Coherence and (c) Cross 

Correlation Coefficient. The labels “i”, “ii”, “iii” and “iv” are the analysis between points 3 and 

1; 3 and 2; 3 and 4; and 3 and 5, respectively. The dashed lines on the phase plots are the 

theoretical phases calculated using the delay given by the Cross correlation coefficient. ...... 69 

Figure 42: Correlation of Accelerometer “1” and “3” data: (a) Unwrapped Phase, (b) 

Coherence, (c) Cross Correlation Coefficient from accelerometer data. ................................. 70 

Figure 43: Photo of the unburied pipe experiment setup................................................ 80 

Figure 44: PSDs from the camera signal on the leak (red), its background noise (green), 

from the accelerometer on the leak (blue), and its background noise (yellow) ....................... 81 

Figure 45: (a) PSDs from the Leak position (black), 1m (red), 2m (green) and 3m (blue), 

along with the background noise (dashed black). (b) Coherence plot between the leak and three 

different distance points. .......................................................................................................... 81 



 

 

 

 
LIST OF TABLES 

 

Table 1: Parameter values used on the test bench for leak simulation. ........................... 47 

 

  



 

 

 

LIST OF ABBREVIATIONS AND ACRONYMS 

 

CAMshift  Continuously Adaptive Meanshift 

CPSD Cross Power Spectral Density 

DIC Digital Image Correlation 

FRF Frequency Response functions 

GPR Ground Penetrating Radar 

ISO International Organization for Standardization 

PSD Power Spectral Density 

PVC Polyvinyl chloride 

RAM Random Access Memory 

RMS Root Mean Square 

SNR Signal-to-Noise Ratio 

UK United Kingdom 

 

 

   

   

   

   

   

   

   

   

   

   

   

  



LIST OF SYMBOLS

A
Matrix of intensities spatial gradients in x and y directions for all pixel in 

the tracking neighborhood.

( )ca t Time signal of a pipe wall acceleration due to a leak. [m/s2]

bb Vector of intensities time gradients for all pixel in the tracking 

neighborhood.

c Wave speed. [m/s]

1 2 ( )x xC f Coherence function between signals at frequency f .

d Distance between sensors 1 and 2. [m]

cd Distance between camera and object of interest. [m]

1d , 2d Distance between leak and sensors 1 and 2, respectively. [m] 

E Expectation or Ensemble average function

f Frequency. [Hz]

xf Pixel intensity spatial gradient in the x direction [1/pixel].

yf Pixel intensity spatial gradient in the y direction [1/pixel].

tf Pixel intensity time gradient[1/s].

Angle between camera and object surface. (°)

,x yI Pixel intensity calculated by the Sobel operator representing the intensity 

gradient in x and/or y direction.

I Pixel intensity value.

k Wave number. [rad/m]

1 2, Eigenvalues of the M matrix.

L Leak Spectrum function.

M Edge detectors structural tensor.



 

 

 

N  Number of pixels in the neighborhood. 

( )  Cross-correlation coefficient at the time delay between signals . 

1 2 )(x xR  Cross-correlation function at the time delay between signals . 

R  Harris Edge Detector score function. 

r  Sensitivity parameter for Edge/Corner detection methods. 

( )xxS f  Power Spectral Density if the displacement time signal ( )x t . [m2/Hz] 

1 2
( )x xS f  Cross Power Spectral Density (CPSD) function between the displacement 

time signals 1( )x t  and 2 ( )x t . [m2/Hz] 

T  Time interval of the signal. [s] 

t  Time [s]. 

 Time delay between signals. [s] 

u  Velocity in video in the x  direction [pixels/s]. 

v  Velocity in video in the y  direction [pixels/s]. 

( )f  Phase function between two signals at frequency f . [rad] 

W  Window function that gives more influence to constraints at the center of 

the neighborhood. 

dW  Diagonal matrix composed by ( , )i iW x y , where i =1,2,…,N . 

x  Position in the horizontal direction [pixels]. 

( )X f  Finite Fourier transform of the time signal ( )x t . 

y  Position in the vertical direction [pixels]. 

 Frequency. [rad/s] 
 

   

  

  

  



 

 

 

TABLE OF CONTENTS 

 

CHAPTER 1: THEORETICAL BACKGROUND ................................................. 13 

1.1. Overview on leak detection and localization .................................................... 13 

1.2. Leak noise vibroacoustic sensors and techniques. ........................................... 15 

1.3. Techniques for leak detection using ground measurements. ............................ 17 

1.4. Computer vision applied to problems in engineering. ...................................... 18 

1.5. Motivation ........................................................................................................ 20 

1.6. Objectives ......................................................................................................... 20 

1.7. Summary of dissertation ................................................................................... 21 

CHAPTER 2: OVERVIEW ON CAMERA IMAGE AND SIGNAL 

PROCESSING FOR MECHANICAL SYSTEM RESPONSE MEASUREMENTS ....... 22 

2.1. Object tracking ................................................................................................. 22 

2.1.1. Optical Flow ............................................................................................. 24 

2.1.2. Corner detection ....................................................................................... 26 

2.1.3. Virtual video corner tracking .................................................................... 29 

2.2. Classical signal processing ............................................................................... 30 

2.3. Chapter Summary ............................................................................................. 32 

CHAPTER 3: CAMERA TECHNIQUE CHARACTERIZATION ..................... 34 

3.1. Contrast Influence............................................................................................. 34 

3.2. Angle Influence ................................................................................................ 35 

3.3. ISO Influence .................................................................................................... 37 

3.4. Single Shaker Test ............................................................................................ 39 

3.4.1. 100Hz Sine Signal .................................................................................... 39 

3.4.2. Pink Noise Signal ..................................................................................... 41 

3.5. Leak Noise Simulator Test Bench .................................................................... 44 

3.6. Random noise ................................................................................................... 49 



 

 

 

3.7. Distance Influence ............................................................................................ 51 

3.8. Camera Comparison ......................................................................................... 53 

3.9. Number of tracked points influence ................................................................. 55 

3.10. Pixel Neighborhood Size Influence ............................................................. 56 

3.11. Chapter Summary and Rule of thumb.......................................................... 59 

CHAPTER 4: INITIAL INVESTIGATION ON LEAK DETECTION USING 

CAMERAS 62 

4.1. Simulated leak noise – pipe response .............................................................. 62 

4.1.1. Leak data collected in the UK .................................................................. 62 

4.2. Real Leak Experiment – ground vibration ....................................................... 65 

4.2.1. Trento leak test ......................................................................................... 65 

4.3. Chapter summary ............................................................................................. 71 

CHAPTER 5: CONCLUSION AND DISCUSSION .............................................. 72 

REFERENCES ............................................................................................................. 74 

APPENDIX A ................................................................................................................ 80 

A.1 - Tupã Test Rig Experiment ................................................................................. 80 

 

 

 



13 

 

 

CHAPTER 1: THEORETICAL BACKGROUND 
 

 

 

This chapter introduces the fields of water leak detection, localization, and computer 

vision. It begins with an overview of methods and sensors for detecting leaks in underground 

pipes, examining their applications and limitations, and includes a detailed analysis of 

vibroacoustic techniques alongside ground surface measurements. It then explores the diverse 

applications of computer vision in modern engineering, focusing on motion-tracking techniques 

for structural and dynamic analysis. Based on these insights, the chapter defines the motivation 

and objectives of this study. 

 

1.1. Overview on leak detection and localization 
When water is conveyed from treatment facilities to end consumers, a significant portion 

is wasted within water distribution networks. Non-Revenue Water (NRW) is a critical issue, 

particularly in developing countries. For example, in Brazil, up to 38% of the total potable water 

supply is lost before it even reaches households and buildings [1]. In some places, this 

percentage can exceed 70%. 

Different leak detection methods and devices are employed depending on the specific 

situation. For large areas and particularly wide water mains, strategically placed sensors that 

monitor water pressure and flow rate can provide an initial indication of potential leak zones. 

This preliminary assessment helps narrow down the areas where leaks can be located, enabling 

more precise location techniques with specialized tools to pinpoint their position. One such 

method is thermal imaging, which employs handheld thermal cameras or drones to scan the 

ground surface above buried pipes. This is conducted by detecting abnormal temperature 

variations, leaks can be identified [2]. Bach and Kodikara [3] evaluated the use of infrared 

cameras for thermal measurements to localize leaks and demonstrated their potential as an over-

ground leak localization technique. However their findings also highlighted significant 

limitations: the method detected only 59% of leaks and faced challenges related to surface 

thermal and hydraulic properties, seasonal factors, viewing angles, and distance. Yahia, et al. 

[4] expanded on the infrared camera technique by analyzing the time variance of the thermal 

profile over the leak region. Conducting some averaging and image processing, they showed it 

is possible to reduce false positives and achieve better accuracy in locating leaks. However, this 
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approach typically requires monitoring the region of interest for several hours or at different 

times during the day, making it a time-consuming method compared to traditional techniques.  

Acoustic techniques, particularly simple analog listening sticks and single-sensor digital 

versions, are widely used for leak detection due to their affordability and portability [5]. 

However, for higher precision in pinpoint leak location, more advanced methods are often 

required. Usually, the leak detection process begins with listening devices, such as the listening 

sticks for pipes and geophones for the ground surfaces. Listening sticks are acoustic tools 

designed to detect vibrations caused by leaks. They consist of a metal rod connected to either a 

diaphragm with a resonance chamber or a digital display. When placed directly on a pipe or the 

ground above a buried pipe, these devices amplify vibrations traveling along the rod, allowing 

the user to hear leak noises more distinctly. It is important to note that effectively using basic 

listening sticks and geophones requires user training and experience to correctly interpret the 

sounds and locate leaks accurately [2,5]. 

For more precise measurements, complex systems can be used. Khulief et al. [6] used a 

moving hydrophone to measure acoustic pressure inside a test rig’s pipe. The sensor’s location 

is tracked by a set of transponders and the leak is located based on variation in the acoustic 

frequency response at different positions within the pipe. Acoustic loggers, on the other hand, 

are devices that measure the acoustic emission or vibration in pipe branches over extended 

periods. By correlating data from multiple loggers, specific software can detect and potentially 

locate leaks in large water pipes networks. Xue, et al. [7] used many acoustic loggers to locate 

water leaks in Suzhou, China. They compared the method to manual detection methods, and 

analyzed the critical parameters of the logger system required to ensure reliable results.  

Ground Penetrating Radar (GPR) is a nondestructive testing technique that uses high-

frequency electromagnetic pulses to transmit and receive reflected echoes. This allows for the 

detection of gaps or changes in material properties within the soil caused by leaking water 

around buried pipes, thereby identifying leaks in water distribution systems [8]. GPR is 

particularly effective with PVC pipes but faces challenges when dealing with metal pipes. 

Metals act as strong reflectors of the waves, preventing the signal from passing through. 

Moreover, due to high electrical conductivity of metal, radar energy is rapidly attenuated, 

resulting in reduced penetration depths and significantly diminishing GPR’s effectiveness [9]. 

Leak noise correlators are advanced acoustic devices designed for pinpointing the leak 

location. These devices operated by simultaneously measuring vibration or sound pressure 

signals at two points surrounding the suspected leak using two sensors. By applying cross 

correlation to these signals, the time delay between them can be estimated. This time delay is 
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then used to estimate the distance from one of the sensors to the actual leak position [5]. Scussel, 

et al. [10] presented a series of measurements conducted in various test fields using the noise 

correlation system and provided a detailed discussion of the key variables that affect the results. 

While noise correlator techniques are more precise compared to other methods, they 

usually require direct access to the pipe for sensor placement. This can pose challenges, 

particularly for pipes buried at significant depths. Therefore, it may be necessary to either 

excavate down to the pipe or include dedicated access points during the pipeline’s design and 

construction phases. In order to minimize disruption to roads and sidewalks, and avoid 

unnecessary excavation, non-contact techniques have gained significant attention in recent 

years. Examples include infrared sensors in thermal methods and Ground Penetrating Radar 

(GPR)[8] (as previously described). The intention of this work is to contribute to the 

advancement of leak detection in buried pipes exploring the use of non-contact sensors, more 

specifically camera measurements, something not yet explored, combined with vibro-acoustic 

techniques similar to the ones employed in leak noise correlators. Traditional commercial video 

cameras have already been used in different dynamic analysis applications, showing promising 

results for its application on the ground vibration measurements intended [11,12]. 

 

1.2. Leak noise vibroacoustic sensors and techniques. 

 Listening sticks: These are tools that are used to detect leaks that are occurring 

in the ground or in subterranean pipes. To transmit the vibration to an electro-

mechanical transducer that digitally amplifies the leak sound in electronic 

listening sticks or to a membrane within a resonant cavity that amplifies the leak 

sound in mechanical listening sticks the stick is made of a rigid material, like steel 

or wood. Operators often begin the listening stick leak localization process by 

examining a pipe network for leaks by listening to the sound at many access 

points. When operators come across a suspected leak, they locate it by listening 

at short intervals of around one meter on the ground directly above the pipe 

[13,14]. 

 Hydrophones: Similar to how microphones are made to hear sound in the air, 

hydrophones are sensors made to hear sound in the water. Hydrophones are 

typically piezoelectric transducers with a sensing element that produces an 

electrical potential in response to a change in the water's acoustic pressure [15]. 
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The purpose of these devices is to detect leaks by inserting them into pipes at 

easily accessible locations, such manholes or hydrants [13]. 

 Geophones: These are sensors made to quantify motion in terms of velocity or 

displacement. They are made up of a moving mass wrapped in a wire coil and 

hung over a magnet by a spring. An electrical signal expressed in terms of voltage 

is produced when the mass moves because of the interaction between the 

movement and the magnetic field, which causes an electrical current to flow 

through the wire coil [16]. Certain geophone-based devices are made to function 

as microphones. An electro-mechanical transducer converts sound produced by 

the device's resonant chamber, which is placed on a rigid plate on the ground, into 

voltage [13]. 

 Accelerometer: Accelerometers are devices that measure acceleration forces. 

They are used in water leak detection on underground pipes by converting 

mechanical motion, such as vibrations caused by leaks, into electrical signals. 

When an accelerometer is subjected to acceleration, it generates a voltage 

proportional to the acceleration, usually through the implementation of 

piezoelectric materials. This voltage can then be measured and used to determine 

the acceleration experienced by the accelerometer [17].  

 Leak Noise Correlators: Computer-based tools that are used to locate leaks 

along a straight section of a pipeline. The localization process is often based on 

synchronized measurements of leak sound using hydrophones or pipe-wall 

vibration applying accelerometers at two separate locations along a straight stretch 

where the leak could be situated. Cross-correlation is then used to determine the 

time delay between the two signals. The leak position relative to one of the sensors 

is determined by integrating the time delay, the leak noise velocity in the pipe, 

and the distance between the two sensors [13,14,18,19].  

Leak noise correlators' major advantage is that, before computing cross-

correlation, the signals can be immediately processed through a bandpass filter in 

the computer-based equipment [14,18]. When the cut-off frequencies for the 

bandpass filter are appropriately chosen, this process makes such devices highly 

resilient to uncorrelated noise, since the associated SNR is improved [20]. 

Because of its simplicity and efficacy in comparison to other leak localization 

techniques, leak noise correlators have historically been one of the most often 

used devices on leak surveys [18]. The primary drawback of leak noise correlators 
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is that the method for estimating the leak position depends on knowing the 

velocity at which leak noise propagates through the pipe. Values for such a 

velocity are often computed empirically for various pipe diameters, pipe 

materials, and sensor types and stored in leak noise correlators [21]. However, 

there is a great variability among them [22]. As one possible solution, the velocity 

of leak noise propagation can be measured in-situ by strongly exciting the pipe 

using an actuator and measuring the interval that it takes to travel a specific piece 

of the pipe between two sensors [23]. 

 

1.3. Techniques for leak detection using ground measurements.  
In addition to producing sound waves that travel through the buried pipe, a leak also 

emits waves directly into the soil, detectable on the surface [24]. Though understanding leak 

noise generation remains complex, Burn et al. [25] categorized it into three source types based 

on where acoustic waves form. The first type originates from water flowing through the leak 

orifice, interacting with the pipe wall to create waves along the buried pipe. The second type 

arises from the water jet's impact with the underground cavity wall, and the third stems from 

water circulating inside the underground cavity; both generate waves that spread into the soil. 

However, these waves weaken significantly with distance, limiting leak localization methods 

using ground surface vibration measurements to relatively close positions. One of the main 

techniques for ground measurement leak detection is the Passive Seismic Wave Technique. 

Wang et al. [26] proposed passive seismic wave approaches, which are a leak 

localization strategy. This approach yields leak coordinates in two dimensions, while Cheng 

et al. [27] expanded it to three dimensions. Both approaches use concepts of compressional 

and shear wave measurements techniques, but they do not use an excitation mechanism to 

generate soil waves, as used in techniques to detect the pie itself. Instead, a leak in the buried 

pipe causes acoustic waves to propagate through the soil and be detected at the ground surface 

by a network of inline sensors. The time gap between sensor pairs along a pipeline is computed 

by considering the expected wave speed in the soil as well as the relative distance the wave 

travels from the leak to a surface sensor, which might be in two or three dimensions. After 

measuring the ground surface vibrations, the temporal differences between sensor pairs are 

evaluated using a cross-correlation function. These time differences are then used in an 

optimization algorithm to estimate the leak's position in either two or three dimensions. 
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The convenience of not needing any kind of excitation equipment to create acoustic 

waves in the soil, as well as the ability to reach subterranean pipes without difficulty, are the 

primary benefits of passive seismic wave approaches. However, the primary drawback of 

passive seismic methods is that they need to estimate the speed of waves in the soil in order 

to compute the difference in time between two ground-surface sensors' measurements of 

ground vibration [26,27]. This can be highly problematic since multiple wave types can 

propagate in the soil, and as the soil may not be homogeneous, the corresponding wave speed 

may vary for different regions. 

 

1.4. Computer vision applied to problems in engineering. 
Computer vision is a combination of image processing, pattern recognition, and data 

extraction. A mechanism aimed at analyzing, modifying, and providing a high-level 

understanding of images, its purpose is determining what is occurring in the captured images, 

use this to determine the command to be sent to a computer or electronic controller, or to 

provide another image with additional information in relation to the analyzed [28, 29]. 

The steps involved in image analysis include, first Image Creation, which involves 

capturing and storing an object's image. Then Image Processing, aiming to enhance image 

quality and detail through contrast, color, and resolution manipulation, for example. Next, the 

Image Segmentation, where the object of interest is determined and separated from the 

background information. The fourth stage is Image Measurement, involving the quantization of 

various significant features, like object position, size, shape, and even distance; and least the 

Image Interpretation, where the extracted images are then interpreted, in this last stage deep 

learning or artificial intelligence algorithms can be applied to provide better or faster results 

[28,30]. This technology aids in evaluating an athlete's performance, assists medical 

professionals in identifying illnesses, contributes to meteorological forecasting by calculating 

cloud movements, and is even utilized in determining structural deformations and 

displacements [31,32]. 

In the field engineering, cameras are being used to measure the dynamics of structures 

where the access is limited or impractical or the object is big enough to demand too many 

sensors for a single measurement.  Chen et al. [33] analyzed the vibration of an antenna on a 

high tower using a camera 175m away and shows the possibilities to use this sensor for 

structural health monitoring. The use of cameras for evaluation of bridge deformations and 

vibrations is extensive. Ghyabi et al. [34] showed the advantages and limitations of the 
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application of different camera-based techniques to measure two bridges deflections comparing 

to traditional string potentiometers. Feng and Feng [35] used one camera for calculating the 

natural frequencies and mode shapes of the Manhattan bridge by measuring 30 points along the 

structure. Ojio et al. [36] used cameras to calculate the deflection of a bridge, which structural 

parameters are already known, and then estimate the weight of vehicles passing over it.  

The dynamics of structural cables are extremely hard to measure with traditional contact 

sensors like accelerometers and piezoelectric strain sensors, either due to the difficulty to access 

these parts, the number of sensors and preparation time needed, or even the interference of the 

sensors on the structure itself [37,38]. Many techniques are being developed using video 

cameras to determine the tension on suspension bridges’ cables. Wang et al. [39] used a 

smartphone to record different markers over a bridge structure and cables and, through the video 

processing, can calculate the natural frequencies and cable tension. Wangchuk et al. [40] used 

video magnification and feature tracking techniques applied to recordings of bridge cables to 

extract their modal parameters and the cables’ tensions. Wang et al. [41] and Zang et al. [42] 

enhanced the quality of camera techniques for bridge cables measurements in complex 

situations, including the use of cameras mounted on drones.  

Camera techniques are being used to perform detailed modal analysis and dynamic 

monitoring of complex structures with in-situ measurements. Khadka et al. [43] developed a 

technique for extraction of vibration characteristics and deflection shapes of wind turbines using 

a Digital Image Correlation (DIC) system mounted on a drone, allowing the monitoring of these 

structures during operation. Čufar, Slavič, and Boltežar [44] developed a hybrid technique of 

video magnification for modal shapes extraction using some modal parameters extracted with 

accelerometers, the method is tested on a long beam and then applied to the analysis of a 

complex impeller cover. Egner et al. [45] performed a modal analysis of a car coil spring using 

a stereo camera setup for 3D measurements and compares the results with an experimental 

modal analysis using accelerometers. Krivic, and Slavič [46] used a video camera along with a 

laser vibrometer and a thermal camera to perform the calculation of temperature-dependent 

material properties, like damping, elastic modulus, and coefficient of thermal expansion, of 

composite 3D printed samples. Bregar, et al. [47] developed a technique that combines camera 

measurements and accelerometer data of a structure to produce better quality FRFs. The full-

field displacement is extracted with the camera, the complex eigenvalues are identified from 

the accelerometer data, and, with a hybrid model, mode shapes are identified and the FRFs are 

reconstructed. 
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Most modern image-based techniques for vibration analysis combine the camera 

measurements with an extra sensor, like an accelerometer or laser vibrometer, to generate better 

results. In this project, the intention was to extract the best of the camera measurements alone 

applied to leak detection and ground vibration measurements, something never tried, yet. 

Therefore, multiple experiments were applied to verify the influence of different variables on 

the camera results and then provide better results focusing on water leak detection through the 

control of these parameters and signal processing. The extra sensors were used just for 

comparison and validation of the camera results. 

 

1.5. Motivation 
The proposed work aims to address part of the research gap in the use of non-contact 

measures together with vibro-acoustic techniques for leak detection in buried pipes. Non-

contact measures provide advantages, particularly in accessing challenging measurement 

positions where traditional contact sensors face limitations due to coupling requirements. Here 

the attempt is to use ordinary cameras together with computer vision techniques to extract 

meaningful motion of surfaces. Moreover, ordinary cameras offer easier accessibility and 

potentially lower costs compared to high-sensitivity accelerometers or laser vibrometers, 

making them a practical alternative. Therefore, it is important to understand the limitations of 

using ordinary cameras as non-contact sensors for this application, verify the advantages, and 

identify the key variables that with to generate the best results. 

 

1.6. Objectives 
The main objectives of this work are as follow: 

 Develop a technique applied to traditional video cameras using computer vision 

and non-contact sensing methods to detect and extract surface displacement 

presenting low vibration levels, with the goal of locating water leaks in buried 

pipelines. 

 Investigate the influence of different camera parameters to establish a guideline 

for operating the new developed technique and achieving representative results 

for the leak detection field. 
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1.7. Summary of dissertation  
Chapter 1 herein described highlights the techniques, sensors and signal processing 

methods commonly used in leak detection, along with the study’s motivation and the objectives. 

Chapter 2 delves into the basis of the camera tracking process and classical signal processing 

tools used to characterize the pipe system’s response due to a leak excitation. Chapter 3 covers 

the steps and experiments conducted to establish a procedure for setting up the camera aiming 

at a low Signal-to-Noise Ratio (SNR) measurements focused on extracting meaningful 

vibration data caused by leaks. Chapter 4 presents the mains results obtained using the proposed 

image extraction procedures together with classical signals processing tools. These results were 

achieved via using a specific bespoke test bench where controlled leak situations can be 

simulated as a proof of concept. Besides, actual leak detection using ground vibration was also 

carried out, yielding promising results for using cameras as a non-contact measurement to locate 

leaks. Finally, Chapter 5 summarizes the main conclusions and outlines potential directions for 

future work.  
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CHAPTER 5: CONCLUSION AND DISCUSSION  
 

 

 

This project focused on developing a computer vision technique to track point 

displacements, alongside methods for vibration analysis and signal processing for detecting 

water leaks in buried pipes. An comprehensive analysis was conducted to evaluate the influence 

of key variables on displacement signals extracted from videos recordings using sparse Optical 

Flow tracking and corner detection techniques. As a result, a guideline (or rule of thumb) was 

established to identify the best parameter set for achieving better signal definition and 

minimizing background noise. These parameters can be summarized as:  

 High contrast and edge definition between the tracked object and its background.  

 Low camera angles relative to the object's surface to minimize distortion. 

  Low ISO sensitivity, provided that it maintains good object visibility and 

contrast. 

 Close proximity between the camera and the object, as shorter distances improve 

precision. 

 A high density of tracking within the small area being analyzed. 

 A relatively large Lucas-Kanade Optical Flow pixel neighborhood.  

 Video duration of 30 up to 60 seconds for optimal tracking performance. 

These findings provide a systematic approach for improving the effectiveness of video-

based displacement tracking techniques in leak detection applications. 

After establishing an effective procedure to obtain low Signal-to-Noise Ratio (SNR) data, 

tests were conducted to evaluate the feasibility of the proposed technique for leak localization. 

The first experiment, conducted on a bespoke test bench called the Leak Noise Simulator, 

demonstrated the method’s capability to use a single camera to extract displacement signals 

from different areas simultaneously. By correlating these signals and estimating time delays, 

the camera successfully determined the simulated leak's position with high accuracy. This 

experiment highlighted the technique’s potential under controlled conditions, validating its 

effectiveness for detecting and locating leaks. 

The second experiment was conducted in a real-world setting in downtown Trento (Italy), 

where ground vibrations near an actual leak were measured. This test presented additional 

challenges, including urban noise and a frequency content of the leak energy that often 
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exceeded the Nyquist frequency of the camera. Despite these limitations, the camera managed 

to extract ground displacement signals within a narrow low-frequency bandwidth and 

calculated proportional time delays between points on the ground, indicating the direction of 

the leak source. However, the accelerometer data revealed that the calculated delays were not 

accurate, likely due to time aliasing. 

Although the results of the second experiment were less precise, they do not undermine 

the potential of the proposed method. On the contrary, they demonstrate the promise of 

combining non-contact measurement techniques with classic signal processing methods for 

leak localization. The findings suggest that with improved setups or conditions, the camera-

based approach could be a potential tool for detecting and locating leaks in water systems even 

via measuring ground vibration. 

The experiments revealed that commercial cameras face some drawbacks for vibration 

analysis, primarily the background noise level and sampling rate limitations. While the 

developed procedure significantly reduced background noise, it remains higher than that of 

traditional sensors like high-sensitive piezoelectric accelerometers, which are commonly used 

in leak detection surveys. Additionally, the cameras’ sampling rates, which under specific 

conditions can reach only a few kilohertz, restrict the analysis to low-frequency content. 

Despite these limitations, the camera technique demonstrated promising initial results in 

leak localization through non-contact measurements, offering a relatively lower-cost alternative 

to more expensive sensors like laser vibrometers and ground-penetrating radar (GPR). Future 

improvements could involve employing high-resolution cameras or synchronizing multiple 

cameras to monitor different sections of a pipeline. Additionally, enhancements in signal 

processing, such as the application of array signal processing techniques, could also help refine 

the approach and more accurately identify the direction of the noise source. 
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APPENDIX A

A.1 - Tupã Test Rig Experiment
An experiment was performed in a test field in the city of Tupã The objective was to 

analyze an unburied pipe response due to a leak and, by measuring different points, pinpoint 

the position of the leak. A first test was conducted recording the pipe response close to the leak 

and half a meter away from its position. Moreover, 2 accelerometers were positioned on the 

pipe wall over a section length covered by the camera. The accelerometer closer to the leak was 

protected from water drops via using a plastic bag. Checkerboard patterns stickers were also 

used to cover the pipe section of interest to enhance the camera tracking process. The photo of 

the setup used is shown in figure 43. 

Figure 43: Photo of the unburied pipe experiment setup

The experiment started by conducting a measurement with the pipe pressurized with 

water. Air bubbles were removed by using a drainage valve located next to the end of the pipe 

section. Background measurements were also conducted for convenience. Moreover, the leak 

was induced by removing a wooden stick that blocked the hole. All the accelerometer data were

converted to displacement for a better comparison with the camera results. The camera recorded 

at 1000 frames per second with a spatial resolution of 0.25mm/px. The PSDs can be visualized

in figure 44. 
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Figure 44: PSDs from the camera signal on the leak (red), its background noise (green), from the accelerometer 
on the leak (blue), and its background noise (yellow)

Figure 44 shows that the camera background noise is above the accelerometer leak signal

withing the frequency limit selected for the figure, which is in agreement with the frequency 

range that the camera presents a good response. Hence, the camera was not able to reach the 

level of the small displacements to capture the leak signal and, as the signal is attenuated with 

the distance along the pipe, the other recorded position presents even lower amplitudes to be 

captured. Another point to notice is that the accelerometer leak signal PSD practically matches 

its background noise until around 300 Hz, even the 60Hz harmonics generated by an electric 

transformer on a lamp post nearby. This indicates that, until 300Hz, the leak signal is lower 

even than the accelerometer limits. This is due to the hoop stiffness of the pipe that forces the 

response of the system to be located at frequencies higher than 300 Hz. To gain a better 

understanding of the pipe’s response, an additional measurement was conducted using four 

accelerometers, being one placed at the leak position and the others positioned 1, 2, and 3 meters 

away from the leak. The PSDs and coherence between the signals were performed and are 

presented in Figure 45.
(a) (b)

Figure 45: (a) PSDs from the Leak position (black), 1m (red), 2m (green) and 3m (blue), along with the background 
noise (dashed black). (b) Coherence plot between the leak and three different distance points.
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It is evident that the signals exhibit the lowest amplitudes and coherence in the 0–500 Hz 

range, which corresponds to the bandwidth utilized by the camera. The pipe characteristics and 

boundary conditions result in a response where the useful bandwidth is concentrated at higher 

frequencies with lower amplitudes than what the camera can effectively capture. A potential 

solution would be to use two or more synchronized cameras positioned closer to the pipe, 

allowing for higher frame rates and improved spatial resolution while recording different 

measurement points. 


