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Abstract 

This thesis considers the development of a proposed pipeline monitoring approach based on 

acoustic measurements of a pipe. Relationship between the acoustics generated by a turbulent 

pipeline and the flowrate is examined to understand the physical behaviour of the phenomenon 

and verify assumptions. A framework is developed to extract features from the flow acoustics in 

offline and real-time settings for continuous monitoring. To ensure these features are suitable for 

modelling a flow-acoustic correlation, deep learning and empirical models are compared from 

experimental measurements of turbulent pipe flows. For deeper insight to turbulent flows, the 

spatio-temporal dynamics of the flow and acoustics are presented. Empirical dynamic models are 

shown to predict the dynamics of turbulent flow. The results show experimental evidence of 

ordered structures in turbulence captured in the acoustics. By isolating these structures, the 

turbulent motion can be predicted.  
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Chapter 1. Introduction 

Pipelines distribution networks efficiently transport goods and products over a wide range of 

distances. There is estimated to be approximately 100,000 km of pipelines in Canada alone, and 

over 2 million km of pipelines in the United States [1]. Recently, there has been a growing safety 

concern for pipelines, as news of leaks and spills are widespread by the media. Recent advances 

in technologies such as fiber optics allows for distributed continuous sensing of the pipe. These 

provide new possibilities for algorithms involving more data, at higher resolutions of 

measurements.  

There are two main motivations for deeper understanding of a flow-acoustic correlation. The first 

reason is to advance knowledge in acoustic pipeline monitoring techniques. Distributed sensing 

may allow the determination of flow parameters everywhere along the pipe. Therefore, a 

continuous spatial flow-change detection system can be implemented once the correlation between 

flow and acoustics is modelled.  

Secondly, we aim to utilize the continuous high resolution technology of fiber-optics for studying 

turbulence in a pipe. This will allow a new approach to investigate one of the unsolved problems 

in fluid dynamics: the structure and dynamics of turbulence [2]. Can we use acoustics to 

understand the mechanism of turbulent flows? Can we model and predict the dynamics of flows in 

a pipe using acoustics? The work presented will therefore use knowledge in engineering and 

physics in modelling the flow-acoustic correlations.  

The first stage required to determine a flow-acoustic relationship is to formulate the problem, set 

the conditions and state the assumptions. This is followed by modelling of the pipe’s acoustics to 

the flow profile. After background research on aeroacoustics and fluid dynamics, a simplified 

mathematical model is developed to verify the mechanism for sound generated by fluid flowing in 
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a pipe. As many parameters are unknown in real-time experimental situations, statistical data-

driven approaches are used for modelling the correlation. These models are empirical in a sense 

that they are generated based on the observed data, and often form good function approximations 

of the underlying systems. Various techniques have been used for empirical modelling of pipelines 

using known inputs from the system such as pipe diameter, particle size, concentration, density, 

viscosity. These techniques include stepwise regression [3], artificial neural networks (ANN) [4], 

support vector regression (SVR) [5]. 

Recently, deep learning techniques has seen a surge in popularity. Deep learning is a machine 

learning field specializing in the efficient training of deeper networks [6]. One reason is the 

modeling accuracy of these techniques are usually superior, particularly in generalization to 

“unseen data” [7]. Typically, deep learning techniques contain additional architectural “layers” 

designed for noise reduction, dimensionality reduction, feature extraction [8][9][10][11]. The 

downside of deep models is a required increase in computational power, data size. This is offset 

by technological and computing advancements. In this thesis, various machine learning models 

are learned and compared to find the best model for each dataset, in terms of generalizing to 

unknown flows and reducing noise. 

 Significance of flows in pipelines 

Information about flowrate is essential to maximize production, minimize cost, and maintain 

operational safety in pipelines. By understanding the flow-acoustic correlation, a continuous 

flowrate monitoring technique can be developed. Industrially deployed flow measuring devices 

depend on system properties, operating conditions, installation location, and the type of fluid [12]. 

For instance, mechanical turbine flowmeters may obstruct the flow and require high maintenance, 

while non-intrusive transit-time ultrasonic flowmeters require a fluid that does not contain solids 
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and bubbles [12][13]. Due to these factors, conventional flowmeters are installed at specific 

locations in a pipe where knowledge is crucial, such as the inlet of flow. Fiber-optic acoustic 

sensing (FAS) is advantageous for non-intrusive, continuous monitoring of pipelines [14]. Pipe-

fluid interactions generate acoustic waves that propagate as pressure fluctuations in the medium. 

The acoustic response measured by FAS depends on properties including the flowrate, pressure, 

and viscosity [3][15]. Fiber optic acoustic sensors for leak detection and flow monitoring has been 

explored by previous researchers. For example, several methods describe the detection of certain 

leak acoustic signatures in the frequency domain [16][17]. Authors of [18] notes a transfer matrix 

describing the pipe-fluid system can be modelled in frequency. One source describing possible 

applications for distributed acoustic sensors suggest that flow information could be determined in 

the acoustics. They show that the sound intensity varies with flowrate and composition, but it is 

not investigated in depth [15]. Hou, Hunt, and Williams describes the frequency spectrum of the 

acoustics is likely to be a function of flow momentum, flowrate, solids concentration, and can be 

used as a fingerprint of the pipe system [3]. A stepwise regression is used to empirically describe 

the relationships in the slurry. In another paper, researchers investigate the influence of radial flow 

turbulence on the acoustics of a hydrocyclone at different pressures and solid concentrations [19]. 

They report the energy-frequency of acoustics follows a power law decay, and lower frequencies 

are sensitive to the operating parameters of the hydrocyclone. Regression is also performed using 

statistics of the acoustics to relate with flow parameters. 

 Characterizing turbulent flows 

Turbulent flows are found everywhere in nature, from atmospheric motion, to ocean currents, and 

rivers. Most industrial flows in pipelines are considered turbulent due to the volumetric flowrate 

transported. This can be verified from computation of Reynolds numbers given flow and 



4 

 

parameters of the system [20]. Turbulent flow can be described as a flow regime where the 

particles in the fluid experience disorderly, nonlinear motion and complex mixing behaviour at 

different eddy sizes. Popularized by Kolmogorov’s theories regarding turbulent ‘energy cascade’ 

[21], eddies can be described as whirls or “turbulent patterns” in the flow, where kinetic energy is 

extracted from the mean flowrate into smaller eddy scales. Described mathematically from the 

Navier Stokes set of partial differential equations, the turbulence problem is inherently infinite-

dimensional [22]. However, one recent field of study has been dedicated to finding “order” and 

predictability in turbulence [22][23]. Spatio-temporally organized structures in turbulence may be 

found as invariant solutions in dynamical theory [24].  

Experimental studies on the patterns and characteristics of the large-scale flow inside a pipe is 

limited by the fact that most equipment are suited for laboratory purposes. The main techniques 

are Particle Image Velocimetry (PIV) [25], and laser Doppler anemometry (LDA) [26]. PIV 

requires setup of specialized particles injected to the flows, transparent pipe, and cameras for 

visualization of flow structures. The literature on smaller-scales of turbulent phenomena such as 

Kolmogorov scaling laws, coherent flow patterns [27], Taylor’s hypothesis and homogeneity [28], 

turbulent puffs [20], have been verified by PIV/LDA techniques. The search for alternative 

methods to model the flows in understanding features of turbulence is a motivation for this thesis.  

Current research on a turbulence-acoustics can be found in the broad field of Computational 

Aeroacoustics (CAA) [29][30]. Most CAA work is devoted to noise modeling, propagation, 

radiation, and sound reduction from sources. However, models of scale may take hundreds of hours 

to generate [29][31]. The approach of CAA uses computational fluid dynamics (CFD) modeling 

to resolve the scales of turbulent flow, and compute the sound generated using formulations of 
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Lighthill [32], Ffowcs-Williams [33]. The literature on the aeroacoustic analogies and equations 

are evidence that information about the turbulence can be found from the acoustics. 

 Thesis objectives and goals 

The main objective of this thesis is to investigate the flow-acoustic correlation in an industrial 

pipeline system, and identify the feasibility of implementing flow estimation using fiber-optic 

acoustic sensors. In this thesis, the viewpoint that acoustics can be used to characterize turbulent 

flows is developed. Numerical and experimental analysis is conducted the intention of modelling 

the pipe-fluid characteristics for continuous monitoring of the flow. The fundamental physical 

principles using aeroacoustics and fluid dynamics is analyzed and verified, given assumptions of 

the system. Acoustic and flow data is obtained from distributed fiber-optic acoustic sensors in the 

field. A high-level task overview of the methodology can be found in Figure 1.1. 

1) Understand the physical phenomenon regarding the sound generated by turbulent flows in 

a pipe. Derive a simplified physical model representing the flow-acoustic correlation, 

starting from the flow velocity to the distributed fiber-optic sensor. From this model, 

describe the assumptions and implications of when a flow-acoustic relationship can be 

obtained. 

2) Develop a data-driven model using spatio-temporal acoustic data obtained from 

experiments. Utilize statistical, deep learning, machine learning techniques to determine 

the features required for flow modelling and generate an acoustic-fluid model of the pipe. 

Verify the feasibility of the approach by comparing model performance to other techniques, 

and discuss when the models are applicable. 

3) Extend this model for spatially-extended flows. Investigate if turbulence can be modelled 

from acoustics via dynamical systems theory. Chaos and nonlinear theory is applied to 



6 

 

determine the relationship and coupling between the two variables: acoustic sound intensity, 

and flowrate. We apply the models to predict the dynamics of turbulent flows in pipes using 

the acoustic data and flow data.   

A large motivation for this work is to test the feasibility of implementing the models on real 

industrial applications. However, as a first step, we do not consider the need for real-time models 

but is mentioned in this work. 

 

Figure 1.1: Flow acoustic correlation methodology 
 Outline of the Thesis 

The work to experimentally model the flow-acoustic relationship is organized as follows. Chapter 

2 provides a literature review of the relevant topics covered by this thesis. Topics covered include 

fiber optics, physics and aeroacoustics principles, machine learning, deep learning techniques, and 

dynamical models. Additional literature is provided within chapters as appropriate. 

In Chapter 3, the flow acoustic correlation is understood from physics principles, and various 

machine learning models are used to gauge the accuracy of the approach. The patterns of flow are 
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experimentally verified. The focus is on deep nonlinear models for estimating flow from acoustics. 

Assumptions and accuracy from experimental datasets with varying flow properties are discussed.  

Chapter 4 extends the model to the spatial domain and discusses the disparity between real and 

ideal fluid assumptions. A physics perspective on the predictability of turbulence is discussed. The 

flow-acoustic predictions using non-linear dynamical models is provided. A method is introduced 

that utilizes unsupervised deep learning. 

Chapter 5 concludes the thesis with a discussion of the findings and summary of the work. A major 

part of this work was conducted with the idea of some practical implementation. Conclusions for 

flow monitoring is provided along with the challenges and recommendations for future direction.  

Appendix contains some of the preliminary analysis. 

 Contributions 

Throughout the time spent on this research, contributions have been made to a conference 

publication and a patent. The work in this thesis is currently submitted as a patent application with 

Hifi Engineering Inc., titled as: METHOD OF ESTIMATING FLOWRATE IN A PIPELINE 

(“Invention”). 

As well, the work on flow estimation was accepted, presented and published as part of the SPIE 

Defense and Commercial Sensing Conference proceedings. 

• Ma, K., Leung, H., Ehsan, J., Huang, D., “Deep learning on temporal-spectral data for anomaly 
detection “. Proc. SPIE  10190, Ground/Air Multisensor Interoperability, Integration, and 
Networking for Persistent ISR VIII. (April 2017. Publication pending) 

This paper detailed the implementation and feasibility study of using deep learning autoencoder 

networks for flow estimation and change detection in pipes. Primary details of the work conducted 

regarding this paper can be found in Chapter 3.  
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Chapter 2. Principles of flow acoustics and data-driven modeling 

This chapter will cover a background of the relevant material required for understanding of the 

relevant topics in the thesis. The popular methods for modeling of flows and deep learning is 

covered. 

Section 2.1 includes fiber optics and the measuring principle for acoustics, Section 2.2 covers 

methods of understanding the physics behind turbulent flows. Section 2.3 discusses aeroacoustics 

principles relating to the sound generated by turbulence. Section 2.4 is an overview of popular 

regression and machine learning techniques. Section 2.5 is specifically on deep learning 

approaches. Section 2.6 covers non-linear dynamics and chaos theory.  

 Fiber-optic acoustic sensors 

The Fiber Braggs sensor has been used to measure strain, temperature, and acoustics [34]. As 

specialized light passes through the fiber, it undergoes refraction and reflection at a certain 

wavelength, called the Bragg wavelength. This is dependent on the materials of the fiber core, and 

shifts in the wavelength is linearly dependent on the applied pressure.  

The reflected central wavelength is given by Equation (2.1). 

 𝜆𝜆𝐵𝐵 = 2𝑛𝑛𝑒𝑒𝛬𝛬  (2.1) 
 

Where 𝑛𝑛𝑒𝑒 is the effective reflective index of the fiber core, and Λ is the grating period. An incident 

pressure wave induces a mechanical strain on the fiber, described by Equation (2.2) [35]. 

 
𝛥𝛥𝛥𝛥 =

−𝑃𝑃(1 − 2𝜈𝜈)
𝐸𝐸

  
(2.2) 

Where 𝐸𝐸 denotes Young’s modulus, 𝜈𝜈 is Poisson’s ratio, and 𝑃𝑃 is the applied pressure.  

This strain causes the Bragg wavelength to shift, according to Equation (2.3). 

 𝛥𝛥𝜆𝜆𝐵𝐵
𝜆𝜆𝐵𝐵

=  𝛥𝛥𝑙𝑙 − (
𝑛𝑛2

2
)[𝑝𝑝11𝛥𝛥𝑡𝑡 + 𝑝𝑝12(𝛥𝛥𝑙𝑙 + 𝛥𝛥𝑡𝑡)]   

(2.3) 
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Where 𝛥𝛥𝑙𝑙, 𝛥𝛥𝑡𝑡   in Equation (2.3) are strain components parallel and transverse to the fiber axis 

respectively, and 𝑝𝑝11,𝑝𝑝12 is the elasto-optic parameters of the sensor. 

The spectral response of the FBG is also identical to the acoustics [36]. Thus, acoustic pressure 

fluctuations in the surroundings can be measured by the sensor. Interrogation methods can be used 

for simultaneous measurement of multiple spatial channels. 

 Overview of turbulent flow 

2.2.1 Turbulence problem  

Turbulence has been referred to as one of the unsolved phenomena in classical physics [2]. The 

problem in fluid dynamics is to describe the behaviour and structure of a fluid undergoing motion 

relative to a surface.  

 

Figure 2.1: Structure of fluid motion in (top) smooth laminar flow, Re < 2300, 
and (bottom) turbulent flow, Re > 4000. The motion in turbulence is dominated 

by inertial forces rather than viscous forces [13].  
Turbulent flow is difficult to describe because parameters of the fluid such as pressure, velocity, 

density, fluctuates rapidly in space and time. A depiction of turbulent motion is shown in Figure 

2.1. One way to quantify the regime of turbulence is by the Reynolds number (Re), which describes 
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the ratio of inertial, viscous forces (𝑅𝑅𝑅𝑅 = 𝑈𝑈𝑈𝑈/𝜐𝜐 where U is the mean velocity, D is the pipe 

diameter, and 𝜐𝜐  is the kinematic viscosity) [20]. Different Re corresponds to different flow 

structures: for example, an average velocity profile along the diameter, the strength of eddy 

vortices.  For pipelines, the flow is fully turbulent when the inertial forces dominate, and molecular 

mixing is apparent, around Re > 4000. One structural theory of turbulence is the existence of 

localized turbulent “puffs” created by perturbations that exist with the laminar behaviour [37]. As 

the Reynolds number is increased, the creation of the puffs overtakes the decay rate, forming fully-

developed turbulence. 

The study of turbulence is a dedicated field of research. When studying the flow-acoustic 

correlation, the fundamental theories come from turbulence and the sound generated as a result of 

this phenomenon [38].  

2.2.2 Modelling of turbulence  

Due to the nature of the problem, most efforts to model turbulence is using realizations of direct 

numerical simulation (DNS), or experimental models. Mathematically, turbulence can be 

described from 3D, time dependent Navier-Stokes equations, which are sets of partial differential 

equations. However, the computational requirement for exact modeling is difficult, and 

approximations such as Reynolds-averaged Navier-stokes (RANS) or Large-eddy simulation 

(LES) are used [22][39].  Advancements have originated from the work of Taylor, and 

Kolmogorov [24][40].  

Turbulence can be modelled by analyzing the relationship of velocity fluctuations separated by a 

distance in space [2]. Taylor’s methods utilize ensembles of individual realizations or by time 

averages over a fixed point in space, a notion denoted Taylor’s hypothesis [40]. Taylor also 

introduced the notion of homogeneous, isotropic turbulence, where spatial translation and rotations 
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(along axis) do not affect average values, making it possible to derive statistical quantities to 

describe the flows. It has been shown to approximate turbulence statistics and is critical in our 

present understanding of turbulence structures. By Taylor’s hypothesis, temporal measurements at 

a single point in space can be extended spatially as convected by the mean flow [28]. 

Kolmogorov’s scaling laws [21] for turbulence and self-similarity is described by the wave-

number or Fourier space, where energy is dissipated from large to small scales of space and time. 

This scaling phenomenon has been exploited in computational fluid dynamic methods where 

coarse scales are computed, and smaller-scales maybe neglected as approximation. For example, 

DNS using RANS will simulate the statistical turbulent field (parameters) with time. However, 

complexity of modelling scales exponentially with the Reynolds number (Re9/4 ) [41]. This is 

resolved in Fourier domain using large eddy simulation (LES). Many of the coefficients used in 

the models are obtained experimentally.  

Instead of one measurement over time, methods of studying turbulence statistically and 

experimentally is to compute the time-averaged parameters that fluctuate, at various points in 

space [42][43]. Recent advances in Doppler and PIV technologies have led to experimental 

visualization of the 2D flow fields [27]. With these techniques, images of the velocity fluctuations 

in turbulence can be obtained. However, they are limited by the micro-scale nature, controlled 

environments for injection of dyes into the fluid, and specialized equipment required to produce 

results.  

 Aeroacoustics and sound generated from turbulence 

Sound is defined in acoustics theory as a pressure perturbation relative to a fluid at rest, that 

propagates as a wave which can be detected by the human ear [44]. The range of frequencies that 

can be detected is approximately 20Hz to 20kHz [45]. As pressure fluctuations in time, the sound 



12 

 

pressure level (SPL), sound intensity, root mean square (RMS) sound power are used to describe 

the acoustics. The SPL is described in Equation (2.4). 

  𝑆𝑆𝑃𝑃𝑆𝑆 = 20 log10(
𝑝𝑝𝑟𝑟𝑟𝑟𝑟𝑟
𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟

)  𝑑𝑑𝑑𝑑  (2.4) 

 

where pref is a reference RMS pressure, typically 2*10-5 Pascals for the atmosphere. The RMS 

measures the energy over some interval of time, and is described in Equation (2.5).  

 

𝑋𝑋𝑟𝑟𝑟𝑟𝑟𝑟 = �
1

𝑡𝑡2 − 𝑡𝑡1
� 𝑋𝑋(𝑡𝑡)2𝑑𝑑𝑡𝑡

𝑡𝑡2

𝑡𝑡1

 

(2.5) 

Another popular measure of acoustics is in the frequency domain over the range of human hearing. 

Typical conversion to the frequency domain is done via Fourier transforms, to compute a 

spectrogram over some time period [46]. 

2.3.1 Lighthill’s analogy and computational models 

The discovery of Lighthill’s aeroacoustic analogy on sound generated aerodynamically [32][47] 

made it possible to predict the order of magnitude sound intensity and radiated power from 

turbulence. The analogy was used to predict the efficiency of sound from airplane engines. 

However, it was based on a simple scenario without the presence of walls and does not distinguish 

propagation and production of sound in non-uniform flows. The works of Williams [48] and N. 

Curle [49] have extensions to two-phase flows and solid boundaries. The choice of the acoustic 

variable is usually pressure or density and are convertible between the two using a linear 

approximation [44]. These inhomogeneous wave equations consist of the acoustic source terms on 

the right-hand side, and is described in Equation (2.6) for the fluid composition 𝛼𝛼 [48].  

 𝜕𝜕2𝜌𝜌𝛼𝛼

𝜕𝜕𝑡𝑡2
− 𝑐𝑐2∇2𝜌𝜌𝛼𝛼 =  

𝜕𝜕2𝑇𝑇𝑖𝑖𝑖𝑖
𝜕𝜕𝑦𝑦𝑖𝑖𝜕𝜕𝑦𝑦𝑖𝑖

+
𝜕𝜕𝜕𝜕
𝜕𝜕𝑡𝑡

−
𝜕𝜕𝑓𝑓𝑖𝑖
𝜕𝜕𝑥𝑥𝑖𝑖

   
(2.6) 
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 Where 𝑇𝑇𝑖𝑖𝑖𝑖 = (1 − 𝛽𝛽)𝜌𝜌𝛼𝛼𝑢𝑢𝑖𝑖𝛼𝛼𝑢𝑢𝑖𝑖𝛼𝛼 + 𝑐𝑐2𝜌𝜌𝛼𝛼𝛿𝛿𝑖𝑖𝑖𝑖 −  𝜏𝜏𝑖𝑖𝑖𝑖 (2.7) 

 

In this formulation, Lighthill’s acoustic stress tensor 𝑇𝑇𝑖𝑖𝑖𝑖 is a quadrupole source with strength equal 

to turbulent fluctuations is described in Equation (2.7). Typically the Reynolds stress tensor 𝜌𝜌𝑢𝑢𝑖𝑖𝑢𝑢𝑖𝑖  

dominates at higher Reynolds numbers [44].  The second and third term of Equation (2.6) describe 

the monopole and dipoles of source strength equal to mass injection and external forces 

respectively. 

By Lighthill’s formulations, the prediction of sound from flows can be acquired via CAA methods 

[50]. In the first step, the turbulent fluctuations from an incompressible unsteady flow for known 

flow parameters are computed via turbulence modeling techniques, such as LES. Once the 

turbulent scales are resolved, acoustic nodal terms are propagated via Finite Element method, 

which decomposes Lighthill’s equations into discretized volumes and integrates over the 

computational domain. 

 Empirical models for regression 

A typical regression problem is to model the target variable y as a function of one or more feature 

variables xi, where 𝛥𝛥 represents random measurement noise. Assuming one observation of x and 

y, a linear relationship can be modeled as: 𝑦𝑦 = 𝐴𝐴0 + 𝐴𝐴1𝑥𝑥1 + 𝐴𝐴2𝑥𝑥2 …𝐴𝐴𝑛𝑛𝑥𝑥𝑛𝑛 + 𝛥𝛥. The model weights 

𝐴𝐴𝑖𝑖 can be solved using least squares methods [51]. Machine learning (ML) models such as artificial 

neural networks mimic the structure of the human brain. The network is a connection of neurons 

that activate given a set of inputs, essentially learning the patterns in the data. ML models can be 

adapted for classification or regression problems. We briefly review the support vector regression 

and multi-layer perceptron models. 
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2.4.1 Support vector regression 

The support vector machine regression [52] adapted from the support vector machine classification 

problem [53], attempts to model the function as a weighted summation of input vectors in the 

dataset, known as support vectors. In solving the optimization problem, a non-linear kernel 

𝐾𝐾�𝑥𝑥𝑖𝑖, 𝑥𝑥𝑖𝑖� such as the radial basis function (RBF) in Equation (2.12) can be used to transform the 

inputs to another dimensional space. In the primal formulation, the goal is to find, given a series 

of N observations x and corresponding output y, where 𝜑𝜑(𝒙𝒙) can be a nonlinear mapping of x, 

described by Equation (2.8). 

 𝑓𝑓(𝑥𝑥) = 𝑤𝑤′𝜑𝜑(𝒙𝒙) + 𝑏𝑏 (2.8) 
 

The SV problems are formulated in the dual formula. The problem is to find Lagrange 

multipliers 𝛼𝛼 that minimize the formulation in Equation (2.9). 

 
𝑆𝑆(𝛼𝛼) =

1
2
���𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗�

𝑁𝑁

𝑖𝑖=1

�𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗�𝐾𝐾(𝑥𝑥𝑛𝑛, 𝑥𝑥)
𝑁𝑁

𝑖𝑖=1

+ 𝜖𝜖 �(𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗)
𝑁𝑁

𝑖𝑖=1

−  �𝑦𝑦𝑖𝑖(𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗)
𝑁𝑁

𝑖𝑖=1

 

(2.9) 

Subject to the conditions of Equation (2.10).  

 ∑ (𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑖𝑖∗)𝑁𝑁
𝑖𝑖=1 = 0 and 0 ≤ 𝛼𝛼𝑛𝑛 ≤ 𝐶𝐶  and  0 ≤ 𝛼𝛼𝑛𝑛 ≤ 𝐶𝐶, ∀𝑛𝑛 (2.10) 

 

The KKT conditions are also satisfied. Once the set of support vectors with nonzero 𝛼𝛼 is found, 

the function to predict the value given an input x is given by Equation (2.11). 

 
𝑓𝑓(𝑥𝑥) =  �(𝛼𝛼𝑖𝑖 − 𝛼𝛼𝑛𝑛∗)

𝑁𝑁

𝑛𝑛=1

𝐾𝐾(𝑥𝑥𝑛𝑛, 𝑥𝑥) + 𝑏𝑏 
(2.11) 

 

An example of the radial basis function (RBF) kernel is described in Equation (2.12). 
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𝐾𝐾�𝑥𝑥𝑖𝑖, 𝑥𝑥𝑖𝑖� = 𝜑𝜑(𝒙𝒙𝒊𝒊)𝜑𝜑�𝒙𝒙𝒋𝒋� = exp� −

��𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑖𝑖��
2

2𝜎𝜎2
� 

(2.12) 

 

2.4.2 Multi-layer perceptron (MLP) neural network 

 

Figure 2.2: MLP with 2 features in the input layer, one hidden layer, and one 
output layer. The input layer contains the same number of neurons as inputs. 

The output is the estimated output y for the input features x. 
 

The MLP is known as a feedforward ANN model [54]. The MLP consists of multiple layers of 

neurons (nodes), that map a set of inputs x to another set of outputs y. An example of a MLP is 

shown in Figure 2.2. Each neuron is connected to every other neuron in adjacent layers: these are 

known as a “fully-connected layer”. Connections may also have shortcut paths, or recurrence, but 

these are classified as Recurrent neural networks (RNN). Essentially, the input variables to the 

layer are weighted according to the strength of the connections. Each layer’s output is propagated 

forward to the next layer. Typically, a nonlinear activation function f such as hyperbolic tan or 

sigmoid controls the output of the layer. Mathematically, the output of each layer y is a function 

of the weights of the neurons multiplied by the layer inputs x, such that 𝑦𝑦 = 𝑓𝑓(𝑾𝑾𝑥𝑥 + 𝒃𝒃), where f 

is the activation function, b denotes a bias vector. For regression problems, the final layer must be 

Hidden

Output
Input
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a linear activation. This is to allow the output beyond the range of [-1,1]. The weights for each 

layer are learned simultaneously in a supervised learning technique via backpropagation gradient 

descent algorithms [7][54]. The goal during training phase is to minimize the loss function, which 

is typically the mean squared error of the estimated output 𝑦𝑦� and the true value y, as shown in 

Equation (2.13).  

 
𝑀𝑀𝑆𝑆𝐸𝐸 =

1
𝑁𝑁
�(𝑦𝑦𝑛𝑛 − 𝑦𝑦�𝑛𝑛)2
𝑁𝑁

𝑛𝑛=1

 
 (2.13) 

 

 Deep learning 

Deep learning is an extension to the machine learning field that has seen recent popularity. The 

field of deep learning is continually expanding as the need for faster and improved techniques is 

required in the age of “Big Data”. Big data is a term referred to as the increasing velocity, veracity, 

and volume of data coming in from the increasing large amount of sensors [55]. Often, this data 

does not fit in memory, and suffers from the curse of dimensionality [56]. Thus, features must be 

learned or extracted from the data for it to be processed efficiently.  

Previously, it was difficult to train a network with many parameters, due to processing data size 

and lack of appropriate techniques. The main advantage of using deeper networks for modelling 

is noise reduction, dimension reduction, and feature extraction [10]. Deep learning models often 

use features learned by previous layers as inputs to a MLP. Popular deep networks include: 

convolutional neural network (CNN) [57] for image recognition, stacked-autoencoder (SAE) 

networks [10][58], deep feed-forward neural networks (DNN) for function modelling [6], and 

Long short term memory (LSTM) networks [59] for speech recognition. A key observation is that, 

with the exception of SAE and DNN, use cases involve high level abstraction (classification) 
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problems such as computer vision and machine translation [6]. A brief overview of deep learning 

models will be introduced. 

2.5.1 Model validation in deep learning 

Depending on the problem space and accuracy required, not all deep learning methods can be used 

in the same effective manner. An example pertinent to our application, Graves et al [59] discussed 

learning features from raw acoustic data would be impractical due to the amount of inputs required 

to learn good representations. The authors also showed that some preprocessing, then extracting 

features is more practical than learning raw features. Evidence for this will also be shown in 

Chapter 3.  

As discussed in [60], the importance of feature engineering cannot be overlooked. Not all 

representations of data are learnable, even if there is a function to approximate the data. For 

example, a function may have lots of local minima and is difficult to converge. Researchers [61] 

discusses that Tikhonov regularization and smoothing techniques that introduce small bias are 

much better than unbiased non-regularized least squared solutions, but may not work well if the 

system is inherently non-smooth.  

When searching for the optimal weights defining the function, overfitting may occur. It may be 

possible to find parameters that fit the given data exactly, but does not represent the full system. 

In this case, even the spurious data and noise is modelled by the network. This problem is solved 

by early stopping regularization techniques [62]. In data-driven models, data is split into training 

data, and tested on unseen data. For early stopping, training of the model is stopped when tests on 

validation data (not previously seen in training) show signs of decreasing performance. This 

signifies the network is overfitting on the training data and may not generalize. Other variations of 

preventing overfitting used in ML include: k-fold cross validation, bootstrapping, leave one out 
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validation [63]. The generalization performance on the unseen data is usually reported as the test 

error and is the measure of comparison over different models. In this work, early stopping and 

cross-validation method is used.  

2.5.2 Convolutional neural networks (CNN) 

In CNN’s such as the popular AlexNet [57] for image classification, specialized locally connected 

neurons in a convolutional layer perform convolution on the inputs. This is fed to alternating 

convolutional (CONV) and max pooling (MP) layers that downsize and smooth the features. Each 

layer learned hierarchically: higher level features from the previous layer. The final features 

learned via multiple CONV-MP operations are fed to a fully-connected MLP for classification. 

Backpropagation variations is used for training CNN’s. A recent survey [7] on deep learning has 

shown that GPU-enabled backpropagation MP-CNN’s with transfer learning (pre-trained on some 

large dataset) perform best. They suggest that it is mainly hardware and dataset challenges that 

limit accuracy, in a sense that “old” methods are still applicable to deep networks. 

2.5.3 Long short term memory networks (LSTM) 

Long short term memory (LSTM) networks [59] are a type of recurrent neural network, with 

specialized architecture called “memory cells”. These allow for modelling of long temporal 

relationships. LSTM’s have shown to convey state-of-the-art performances in natural language 

processing [59]. However, they have also been used in classification [64] and time-series 

prediction [65]. In LSTM’s for speech recognition, acoustic data is preprocessed into 

spectrograms, and fed into a LSTM network, which learns a hidden representation of the inputs, 

with temporal classification output layer [59]. LSTM’s are trained via truncated backpropagation 

through time algorithms [66]. 
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2.5.4 Deep autoencoder (AE) neural networks 

Autoencoders (AE) are a type of feedforward neural network that reconstructs the input as the 

output with minimal distortion. Autoencoders consist of an encoding and a decoding layer. An 

example of an AE can be found in Figure 2.3. The “encoder” maps input x to a hidden 

representation y, seen in Equation (2.14). The “decoder” layer returns 𝑥𝑥�, a reconstruction of x from 

representation y, as shown in Equation (2.15).  

 𝑦𝑦 = 𝑓𝑓(𝑾𝑾𝑥𝑥 + 𝒃𝒃) (2.14) 
   
 𝑥𝑥� = 𝑓𝑓(𝑾𝑾𝒚𝒚𝑦𝑦 + 𝒃𝒃𝑦𝑦)  (2.15) 

 

W is a d2 x d1 matrix that maps input vector x of dimension d1 into the encoded dimension d2, 

with bias term b (dimension d2). For nonlinear representations, similar to MLP’s, the activation 

function f can be a sigmoid. The training of an AE is unsupervised, meaning no target values are 

required. Unsupervised training to learn weight parameters is done by minimizing the mean 

squared error between inputs and the reconstructed inputs, as shown in Equation (2.16).  

 
𝐸𝐸 =

1
𝑁𝑁
�(𝑥𝑥𝑛𝑛 − 𝑥𝑥�𝑛𝑛)2
𝑁𝑁

𝑛𝑛=1

 
(2.16) 

The addition of any autoencoder to a network is not a good enough constraint for feature learning, 

since an autoencoder (with hidden representation y the same dimensions as the input) will learn an 

identity mapping. An under-complete representation using less dimensions than the input can be 

used to enforce compression and dimensionality reduction similar to PCA. Enforcing some 

sparsity is also valid, since sparse representations can handle variable-size representations. 

The sparsity regularization can be implemented to force sparsity, in other words, neurons only 

activate based on features present in a small subset of samples [67]. The regularization term Ω𝑟𝑟 is 
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added to the mean squared error function, and is represented by Equation (2.17), where 𝜌𝜌 is the 

desired activation, and 𝜌𝜌𝚤𝚤�  is the average activation value of the neuron. 

 
Ω𝑟𝑟 = �𝜌𝜌

𝐷𝐷

𝑖𝑖=1

log �
𝜌𝜌
𝜌𝜌𝚤𝚤�
� + (1 − 𝜌𝜌)log (

1 − 𝜌𝜌
1 − 𝜌𝜌𝚤𝚤�

) 
(2.17) 

 Another criterion is a denoising criterion, where noise is purposely added to the input, but the 

encoder is trained to reconstruct a robust version of the input. In all variations, the encoder learns 

important features that describe the input. AE feature learning is particularly useful when dealing 

with large numbers of correlated features. A nonlinear layer or multiple hidden layers of AE’s 

allow complex compression of data.  

An architecture for deep learning is created by stacking multiple layers of AE’s and MLP’s. The 

entire network is typically referred to as a deep neural network (DNN) or stacked autoencoders 

(SAE) to distinguish from other deep architectures. If using noisy inputs, DNN’s can learn key 

features that are robust to noise and exhibit better generalization for supervised learning [10]. The 

introduction of a technique known as unsupervised pre-training has advanced deep learning of 

feedforward networks [7]. Hinton and Salakhutdinov showed that local unsupervised pre-training 

 

Figure 2.3: An example of an autoencoder. Inputs of dimension n are encoded 
to dimension p, and is decoded to reconstruct the input. In deep learning, 
encoded features are used as inputs to the next layer. 
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of each AE layer with backpropagation fine-tuning can give better generalization and convergence 

of deep networks [68]. After the unsupervised training, encoder outputs are used as features to the 

next layer [58]. In the final layer, supervised learning on the learned features with the target output 

has shown better generalization performance for classification and regression tasks. AE-based 

deep learning has been applied to regression problems for airline fuel predictions and building 

health monitoring [69], classification of hyperspectral images [70], and gene ontology annotation 

predictions [71]. 

 Nonlinear dynamics and Chaos theory 

The field of dynamics modelling is well known with turbulence, as the popular Taken’s embedding 

theorem for strange attractors was written with application to turbulent flows [72].  

Takens embedding theorem is stated as follows [72]: Let M be a compact manifold of dimension 

m. The dynamics is given by a smooth diffeomorphism (mapping) 𝜑𝜑:𝑀𝑀 → 𝑀𝑀 and 𝑦𝑦:𝑀𝑀 → 𝑅𝑅 a 

smooth function. The map 𝜙𝜙(𝜑𝜑,𝑦𝑦):𝑀𝑀 → 𝑅𝑅2𝑟𝑟+1 defined by 𝜙𝜙(𝜑𝜑,𝑦𝑦) = [𝑦𝑦(𝑥𝑥),𝑦𝑦�𝜙𝜙(𝑥𝑥)�. .𝑦𝑦(𝜙𝜙2𝑟𝑟(𝑥𝑥)] 

is an embedding. 

Taken’s showed that the state of a dynamical system can be constructed by a time-delay embedding 

of an observable time series [72]. Given a time series x, an m-dimensional embedding 𝑉𝑉𝑇𝑇 of the 

dynamics can be created. 𝑉𝑉𝑇𝑇 is described in Equation (2.18). 

 𝑉𝑉𝑇𝑇 =  �𝑥𝑥𝑇𝑇 , 𝑥𝑥𝑇𝑇−𝜏𝜏,𝑥𝑥𝑇𝑇−2𝜏𝜏 … 𝑥𝑥𝑇𝑇−(𝑟𝑟−1)𝜏𝜏� (2.18) 

The set of embeddings from the time series corresponds to a manifold or attractor in state space, 

where the dynamics of the system can be reconstructed as an approximation to the full dynamics, 

which may be in a higher-dimensional space. Although the theorem assumes an infinitely long 

time series in the absence of noise, it has been shown to work for noisy and finite data. Many 
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researchers have stated that a range of delays and embedding dimensions can create good 

approximations of the system [73][74]. However, there are well-known techniques to get a rough 

estimate of the delay and embedding values. For example, the mutual average information (MAI) 

method and the autocorrelation for determining the delay [75], and the method of false nearest 

neighbors (FNN) [76][77] for embedding dimension.  

A quantity such as the Lyapunov exponents can characterize the dynamics and show if the system 

exhibits chaos and unpredictability. In practice with finite noisy data, only the largest Lyapunov 

exponent (LLE) is estimated as a measure of sensitivity to initial conditions [78]. The largest 

exponent can be obtained from an experimental time series after an embedding is reconstructed. 

For short-term predictions of a dynamical system, local models have shown to produce good 

results [79]. Predictions are generated by finding neighboring states that have similar points to the 

current embedding. The trajectory of the neighboring states is combined to form a prediction of 

the current state [73]. One difficulty in spatially extended systems is that spatio-temporal dynamics 

cannot be fully reconstructed from an attractor. However, spatial homogeneity of the dynamics 

can be exploited for reconstruction and prediction [74].  

2.6.1 Empirical Dynamic Modeling 

Recently, nonlinear forecasts using Empirical Dynamic modeling (EDM) [79] has been applied to 

predict the complex dynamics of fish populations. The data-centric approaches often give good 

prediction results compared to parametric approaches as it is entirely data-dependent and requires 

minimal parameter tuning and assumptions about the system. EDM techniques are nonlinear 

models based off the local models for prediction. The method is described in a two step procedure, 

using Taken’s attractor reconstruction, and projection of the trajectory with nonlinear weighting 

of distances between neighboring points. 
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2.6.2 Convergent Cross-Mapping 

Convergent Cross-Mapping (CCM) is a method that applied dynamical reconstruction and models 

of EDM to determine causality in a system [80]. Sugihara et al. [80] state that the approach is 

complementary and applicable to system with deterministic settings and coupling between 

variables. It can be used to identify the key drivers in a dynamical system, and determine the 

influence two variables have on one another. The example given is that a history of variable Y can 

be used to estimate the state of X occurs if X is causally influencing Y. The algorithm is as follows: 

Construct the library of embeddings as a manifold for X and for Y.  See if the time indices of 

neighboring points of Y’s embedding can be used to identify points on the neighbor of X’s 

embedding. Use the neighboring points to estimate the value of X. From the estimates, obtain the 

Pearson correlation coefficient. The strength of the correlation determines the coupling directions 

[81].  

 Summary 

In this chapter, the background on fiber-optic acoustic sensors and quantifying acoustics is given. 

A review of fluid dynamics principles and aeroacoustics was presented. An overview of regression 

models using machine learning and deep learning, along with some pitfalls of data-centric 

approaches and how to solve these problems is shown. Finally, nonlinear dynamical theory with a 

focus on delay embedding and empirical models for prediction is given. From the information in 

this chapter, the flow-acoustic correlation can be investigated further.   
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Chapter 3. Modelling the flow acoustic correlation using deep learning 

In this chapter, we study how acoustic measurements related to features of turbulent flow can be 

used to model the flowrate in a pipe. A simplified mathematical derivation of the correlation using 

physics principles is presented to formulate a regression-estimation problem. Prior to developing 

a data-centric model, analysis of the data is required to verify assumptions about the dataset. We 

describe the experimental dataset used for the processing of acoustic flow data. The data 

preprocessing and alignment step is introduced to extract appropriate information from the raw 

data. Statistical and deep learning models are used to verify the accuracy of the approach. To 

determine the effect of noise compared to changes in the system parameters, the noise performance 

of algorithms is compared for regression problems.  

 Experimental datasets 

Experimental field data was obtained with permission from Hifi Engineering Inc. (Hifi) [82]. The 

first experimental acoustic data is obtained from a pipeline buried 3 meters underground in 

western-rural Alberta, shown in Figure 3.1. The proprietary fiber-optic technologies and 

measurements from Hifi is understood to have a high value for SNR. Fiber Braggs Grating (FBG) 

fiber-optic sensors are installed parallel, outside of the pipe inside a protective tube. A segment of 

pipe with length L=25m, corresponds to one “channel” measurement. Spatial average of the 

pressure readings over each segment is recorded with sampling frequency Fs = 41,118 Hz. 

Therefore, one discrete measurement is obtained as one channel over the length of the pipe. The 

200m pipe consists of 9 equally spaced channels of L= 25m, with Channel 1 corresponding to a 

section before the pipe inlet. This value of L provides enough spatial resolution such that geometric 

changes in the pipe-fluid system are reflected in the acoustics. The fluid composition is oil-water 
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mixtures, the exact percentage of each fluid is unknown. The diameter of the pipe is constant at 

10.16cm (4 inches). 

 

Figure 3.1: Pipeline configuration in Alberta dataset 
We have obtained two datasets from this pipeline. For each dataset, the timestamps corresponding 

to each measurement and location is given. In the first case, the experimental data is collected from 

a six-day period in March with flowrate (units unknown) sampled every minute. In another case, 

experimental data is collected for one month in January, with corresponding flow data. These 

datasets, although from the same pipe, consists of different flowrate regimes. It is believed that 

these parameters are more likely to be similar within a short period. The flowrate is assumed 

constant in all channels due to mass-volume conservation laws and incompressible fluid, with 

assumptions will be discussed later. Most of the work will be focused on the Alberta dataset due 

to the proximity of the fiber and sound source of interest. 

Another dataset is from a location near Burnaby, British Columbia. The experimental data is 

obtained from a 3-hour period with flowrate sampled every five seconds. A pipe segment with 

length L=25m, sampling frequency Fs = 41,118 Hz, corresponds to one channel measurement. Due 

to the complicated geometry of the pipe, only a straight-section of the pipe corresponding to 3 

channels is used. The pipe diameter at the measurement location is approximately 0.5m. Note this 

pipeline has a larger volumetric flowrate capacity compared to the Alberta pipeline. The fiber-
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optic cable is located a distance 0.3m from the pipe, with protective covering and conduit. Due to 

the drastic differences in pipe operational characteristics and fiber-optic arrangement compared 

with the Alberta pipeline, this is used to verify the prediction of flow dynamics rather than 

conclude the results of flow estimation. The results of the estimation show how our assumptions 

may require compensation for different setups.  

 Flow acoustic relationship from a physics perspective 

Note that due to the experimental setup, many parameters required for a mathematical solution 

would be unknown. Therefore, in line with many fluid-dynamics and industrial experiments, an 

empirical approach is sought. Chapter 2 showed that turbulence is a fluctuation of velocity in space 

and time. Various research claims that velocity field structure in pipe flows are optimally 

represented in the homogeneous direction by Fourier modes of analysis, such that the flow can be 

modelled as a summation of finite amplitude travelling-wave fluctuations about a mean velocity 

profile [83][84][85]. In fully-turbulent pipe flows with constant geometry, analysis is conducted 

with the stream-wise directional homogeneity assumption. Thus, temporal frequencies can be used 

to represent the energy of the velocity field data. We use a simplified model in our derivation, 

similar to an approach by Sharma and McKeon: “By considering only velocity fields that are 

periodic in time and space, the search is restricted to structures that do not decay, and so in turn, 

contribute to the mean velocity profile” [86] . 

3.2.1 Reynolds decomposition for mean velocity 

The mean velocity is a statistical measure of the 2D velocity profile in a pipe, representing the 

overall movement of the fluid. The volumetric mean flowrate can be obtained from 𝜕𝜕 = 𝑈𝑈𝐴𝐴, 

where 𝑈𝑈  is the mean velocity of the fluid, and 𝐴𝐴  is the cross-sectional area.  It was shown 

experimentally in research [87][88], that the mean velocity is proportional to the RMS intensity of 
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the Reynolds decomposed velocity fluctuations in turbulent flows. Values of the relationships were 

obtained empirically by these researchers. Reynolds decomposition (depicted in Figure 3.2) allows 

turbulent flows to be decomposed into a statistical mean value 𝑈𝑈� and a fluctuation about the mean 

𝑢𝑢′, such that at one instant of time, 𝑈𝑈𝑡𝑡 = 𝑈𝑈𝑡𝑡��� + 𝑢𝑢𝑡𝑡′ . The same approach can describe pressure, 

density and other flow parameters [45].  

 

Figure 3.2: Reynold’s decomposition of the mean (orange) and fluctuations 
about the mean 

3.2.2 Flow-acoustic model from physics principles 

Consider our fiber-optic acoustic sensor measurement 𝜆𝜆𝐵𝐵(𝑡𝑡) obtained via interferometric methods. 

Equation (3.1) describes the measurement equation, where P(t) is the acoustic pressure fluctuation 

relative to the pressure of the medium and n(t) is measurement noise. 𝐶𝐶𝑟𝑟 is a constant of conversion 

from FAS principles shown in Chapter 2 (Section 2.1). 

. 

 𝜆𝜆𝐵𝐵(𝑡𝑡) = 𝐶𝐶𝑟𝑟𝑃𝑃(𝑡𝑡) + 𝑛𝑛(𝑡𝑡)   (3.1) 
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The goal is to derive a functional relationship 𝜆𝜆𝐵𝐵(𝑡𝑡) = 𝑓𝑓�𝑈𝑈(𝑡𝑡)� between our measurement and the 

mean fluid velocity 𝑈𝑈(𝑡𝑡). A simplified analysis is shown, where we neglect the contribution of the 

wall vibrations. 

From the aeroacoustic analogy, the simplest form of the non-homogeneous wave equation 

generated by the acoustic source on the right side is described in Equation (3.2). 

 1
𝑐𝑐2
𝜕𝜕2𝑝𝑝
𝜕𝜕𝑡𝑡2

− ∇2𝑝𝑝 =
𝜕𝜕2

𝜕𝜕𝑥𝑥𝑖𝑖𝜕𝜕𝑥𝑥𝑖𝑖
�𝑇𝑇𝑖𝑖𝑖𝑖�   

(3.2) 

From physics principles, the turbulent fluctuations can be obtained from wavenumber domain 

analysis and Navier-Stokes equations. At a fixed reference location x, by applying a Fourier 

transform, we obtain an expression for pressure in Fourier space, shown by Equation (3.3) [89]. 

 𝑃𝑃(𝜔𝜔) = 2𝜋𝜋2𝑀𝑀2𝜔𝜔2𝐶𝐶𝑥𝑥𝑇𝑇𝚤𝚤𝚤𝚤�(𝜔𝜔)    (3.3) 
  

 
 

 𝐶𝐶𝑥𝑥 =
𝑥𝑥𝑖𝑖𝑥𝑥𝑖𝑖
𝑥𝑥3

ejωMx 

 

(3.4) 

Where in Equation (3.3) and Equation (3.4), 𝑀𝑀 = 𝑈𝑈/𝑐𝑐𝑜𝑜 (4) is Mach number of the fluid. This value 

is relatively constant since M << 1 (The speed of sound is 𝑐𝑐𝑜𝑜~1400 𝑚𝑚/𝑠𝑠 for liquids). For Equation 

(3.3), 𝑇𝑇𝚤𝚤𝚤𝚤�(𝜔𝜔) is the Fourier-transformed Reynold’s stress tensor. For isotropic flows, the Reynolds 

stress is related to the turbulent kinetic energy (TKE) spectra [22] and is a function of the Reynolds 

number.  With reference to works found in [87] and [88], we can derive a formula relating 

fluctuations in Reynolds stress with U(t), as shown by Equation (3.5). A scale of turbulence 

generates sound at specific frequencies. 

 
𝑇𝑇𝑖𝑖𝑖𝑖(𝑡𝑡) ∝

3
2
𝜌𝜌𝑜𝑜𝐶𝐶𝜇𝜇[𝑎𝑎𝑅𝑅𝑅𝑅𝑏𝑏𝑈𝑈(𝑡𝑡)]2 = 𝐶𝐶𝑇𝑇𝑈𝑈(𝑡𝑡)𝑐𝑐 

(3.5) 
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Where the Reynolds number Re is defined as a function of the velocity U(t), density 𝜌𝜌, viscosity 

𝜇𝜇, and hydraulic diameter 𝑈𝑈𝐻𝐻 as shown by Equation (3.6). 

 
 𝑅𝑅𝑅𝑅 =

𝜌𝜌𝑈𝑈(𝑡𝑡)𝑈𝑈𝐻𝐻
𝜇𝜇

  
(3.6) 

 

For a smooth pipe, previous researchers [87] found the values averaged over the pipe cross-section: 

a = 0.16, b = -1/8 to describe Equation (3.5). These values are used by the ANSYS software for 

fluid modelling [90]. However, these values typically vary depending on the pipe and driving 

forces and may be found experimentally [88]. Here, we model the relation between TKE and 

flowrate, where the intensity of the fluctuation is linked to the flow via 𝐶𝐶𝑢𝑢 in Equation (3.7) and 

Equation (3.8). This Fourier decomposition is made in line with turbulence as a travelling wave 

theory [84][86].  

 
𝑈𝑈(𝑡𝑡) = 𝐶𝐶𝑢𝑢 � 𝑢𝑢𝑘𝑘𝑅𝑅𝑖𝑖𝜔𝜔𝑡𝑡

∞

−∞

𝑑𝑑𝜔𝜔  
(3.7) 

 𝑇𝑇𝑖𝑖𝑖𝑖(𝜔𝜔) ∝ 𝐶𝐶𝑇𝑇𝐶𝐶𝑢𝑢𝑢𝑢𝑘𝑘  (3.8) 
   

Taking the inverse Fourier transform gives an expression for the pressure in the time domain from 

frequency components, given by Equation (3.9): 

 
𝑃𝑃(𝑡𝑡) =

1
2𝜋𝜋

� 2𝜋𝜋2𝑀𝑀2𝜔𝜔2𝐶𝐶𝑥𝑥𝐶𝐶𝑢𝑢𝐶𝐶𝑇𝑇𝑢𝑢𝑘𝑘𝑅𝑅𝑖𝑖𝜔𝜔𝑡𝑡
∞

0
𝑑𝑑𝜔𝜔    

(3.9) 

From our observed measurement variable, in Equation (3.10) we obtain frequency components via 

the Fourier Transform, as sound waves are decomposed as periodic excitations from a source [44].  

 
𝜆𝜆𝐵𝐵(𝑡𝑡) = 𝐶𝐶𝑟𝑟𝑃𝑃(𝑡𝑡) + 𝑛𝑛(𝑡𝑡) = �𝑎𝑎�𝑖𝑖𝑅𝑅𝑖𝑖𝜔𝜔𝑡𝑡

𝑁𝑁

𝑖𝑖=1

 
(3.10) 

A functional relationship can be found by approximating a finite series to find 𝑈𝑈(𝑡𝑡), as described 

by Equation (3.11). 
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�𝛽𝛽𝚤𝚤𝑎𝑎� 𝑖𝑖𝑅𝑅𝑖𝑖𝜔𝜔𝑡𝑡
𝑁𝑁

𝑖𝑖=1

= 𝐶𝐶𝑢𝑢 � 𝑢𝑢𝑘𝑘𝑅𝑅𝑖𝑖𝜔𝜔𝑡𝑡
∞

−∞

𝑑𝑑𝜔𝜔  
(3.11) 

 

The velocity 𝑈𝑈(𝑡𝑡) in a pipe is the obtained fluid flowrate over the cross-sectional area A, which is 

a circular pipe of known constant diameter D. The equation for obtaining velocity from the 

flowrate and area is given by Equation (3.12). 

 
𝑈𝑈(𝑡𝑡) =

𝜕𝜕(𝑡𝑡)

𝜋𝜋(𝑈𝑈2)2
   

(3.12) 

 

To obtain a complete picture of the flow, we estimate each of the partial contributions from scales 

of turbulence as separable equations, shown by Equation (3.13). 

 
𝜕𝜕(𝑡𝑡) = �𝑓𝑓(𝛽𝛽𝑖𝑖𝑎𝑎�𝑖𝑖

𝑁𝑁

𝑖𝑖=1

)    
(3.13) 

 

Higher frequency components will give large error in the estimate. For regularization, we omit 

higher frequencies and consider 𝜔𝜔 < 𝜔𝜔𝑟𝑟𝑚𝑚𝑥𝑥 . Sufficient choice of 𝜔𝜔𝑟𝑟𝑚𝑚𝑥𝑥  is shown in our 

experimental analysis. 

3.2.3 Flow-acoustic model assumptions 

The scope of this work seeks to obtain a simplified model for the relationship between flow and 

acoustics. Assumptions are listed below. 

(1) We have not included the transfer matrix for scattering or transmission through 

materials. We assume this only depends on the material [91][92][93]. The pipe acts 

as a frequency filter, passing some frequencies and attenuating others [94]. The 
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effect would result in different acoustic responses depending on spatial locations. 

Thus, the empirical models will be applied to the same pipeline location for tests. 

(2) The flow equation is valid for fully developed turbulent (Re>2300), the fluid 

viscosity and pipe geometry must be constant for Cu valid. However, during 

transition (Re <2300) there may still be a different value of Cu, modelled in the 

nonlinearity. Following the idea of [95], to remove transitional effects of geometry 

on flow structure, 150D from a pipe inlet is considered fully-developed flow, 

approximately 15m into Channel 2.  

(3) We cannot use the zero or near-zero flowrate situations in our model, as they follow 

a different flow-acoustic function. This also removes a constraint where the 

response passes near the origin [96]. This problem is addressed without flow 

knowledge by thresholding when the acoustics is above the ambient sound levels. 

(4) Ideally, the fluid density should be kept constant, as it is a source of error. Industrial 

flows are typically in batches of flows, so this assumption is valid.  

(5) We have ignored the effects of temperature on the physics derivation. The 

temperature will affect the viscosity of the flow [97]. For the temperature effect on 

the sensor [98], it is compensated in the data retrieval and a high-pass filter. 

(6) We have largely ignored the spatial dimension due to the homogeneity assumption, 

which is a source of error as transients and friction losses [86].  

3.2.4 Calculation of the turbulent flow regime 

To confirm our assumption that the pipe is operating in turbulent flow conditions and not 

transitional or laminar flow, we can use the equations to compute the dimensionless Reynolds 
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number Re. If Re is larger than 4000, then it is turbulent. Since we do not know the exact fluid 

composition but know it is a mixture of oil products and water, we can assume pure water at a 

temperature of 20 degrees Celsius. If our computation results in a significantly higher value than 

4000, then the assumption is solidified. We use the average flowrate for the March dataset, 

computed as 37.4 flow units.  

The units for this computation may be assumed the same as the BC dataset, in m3/h. The reason 

for this justification is from the ratio of cross-sectional area. The cross-sectional area of the BC 

pipe is 𝐴𝐴𝐵𝐵𝐵𝐵 = 𝜋𝜋𝑟𝑟2 = 0.2027𝑚𝑚2, while the Alberta pipe is 𝐴𝐴𝐴𝐴𝐵𝐵 = 𝜋𝜋𝑟𝑟2 = 0.0081𝑚𝑚2. Thus, the 

volumetric flowrate capacity of the BC pipe is multiplied by a factor of 25, which is seen here, as 

the flowrate for the BC pipe is on the same order of magnitude.  

From Equation (3.14), given the flowrate 𝜕𝜕 = 𝑈𝑈𝐴𝐴 from Equation (3.13), and kinematic viscosity 

defined as 𝑣𝑣 = 𝜇𝜇
𝜌𝜌
, the Reynolds number can be computed. For pipe flow, hydraulic diameter is 

equal to the pipe diameter. The kinematic viscosity of water at 0 °𝐶𝐶  is 𝑣𝑣 = 1.786 ∗ 10−6𝑚𝑚2/𝑠𝑠 

[97]. For comparison, at 20 °𝐶𝐶, 𝑣𝑣 = 1.004 ∗ 10−6𝑚𝑚2/𝑠𝑠 and decreases with temperature. For the 

minimum value of Reynolds number, Re is computed at the lowest temperature. 

𝑅𝑅𝑅𝑅 =
𝑈𝑈𝑈𝑈𝐻𝐻
𝑣𝑣

=
𝜕𝜕𝑈𝑈𝐻𝐻
𝑣𝑣𝐴𝐴

=
(37.4/3600) ∗ 0.1016

1.786 ∗ 10−6 ∗ 𝜋𝜋 �0.1016
2 �

2 = 72 962 ≫ 4000  

Minimum flowrate for fully turbulent flows is found by finding the value of Q when Re = 4000. 

This corresponds to 5.70*10-4 m3/s or 2.05 m3/h. Theoretically, we should have fully developed 

turbulence, even if the fluid was more viscous. 

For the BC dataset, we repeat this calculation using the pipe diameter of 0.508m, knowing the 

flowrate in this dataset is in units of m3/h. 
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𝑅𝑅𝑅𝑅 =
𝜕𝜕𝑈𝑈𝐻𝐻
𝑣𝑣𝐴𝐴

=
�2119.3

3600 � ∗ (0.508)

1.786 ∗ 10−6 ∗ 𝜋𝜋 �0.508
2 �

2 = 826 154 ≫ 4000 

Therefore, we confirm from fluid dynamic equations and initial assumptions to show that the flow 

is fully turbulent for both pipelines. 

 Feature extraction of flow-acoustics 

To verify our assumptions and theory, visualization and statistical analysis on the acoustic data 

must be performed. Analysis on the March dataset is presented. Measurements in presence of flow 

and without flow, noise profile, and spatial distribution of the data is considered. The data which 

corresponds to our assumptions will be used. For example, zero flowrates should be removed. 

Channels that contain large noise sources evident in the data should be removed. The spatial 

dynamics will be shown in Chapter 4. 

3.3.1 Spatial features of acoustics 

We justify why Channel 4 is used for our models. For cross-channel analysis, Granger causality 

[80] is a feasible method to determine if one time series has predictive power over another. 

However, GC is difficult to determine for non-separable, deterministic dynamic systems. Note the 

acoustic responses of the pipe are largely determined by physics principles.   

Convergent Cross Mapping (CCM) [80] is used for determining causation in dynamic 

reconstructions of nonlinear, dynamic series with multiple observations. CCM is a method to deal 

with interdependence of variables in a model, and is used to determine if causal networks exist 

from a dynamical system. 

We use CCM to consider the history of the inputs and determine which spatial variables are 

required in dynamical systems. If there are nonlinearities and transients, then linear correlations 
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can be misleading [79]. The linear correlation analysis only compares one input at a time and does 

not model dynamics, however, it can be used as a comparison. However, CCM requires a 

significant amount of observed time length for success. Along with spatial relationships, we can 

also discover which channels are less predictive of the underlying dynamics, due to its dissimilarity 

or non-coupling with other channels, since knowledge of one channel may be information for 

another. The embedding dimension is 4 with delay 3. Details of the delay embedding process is 

found in Chapter 4. The results of the CCM analysis is shown in Table 1. 

Table 1. Convergent Cross Mapping (CCM) for March dataset 

Ch 1 2 3 4 5 6 7 8 9 

1 - 0.3035 0.3234 0.2764 0.3270 0.3070 0.3229 0.2436 0.2458 

2 0.3615 - 0.4984 0.4770 0.4958 0.5118 0.5319 0.4215 0.4507 

3 0.2803 0.5582 - 0.7605 0.7796 0.7773 0.7825 0.6860 0.6060 

4 0.3119 0.5806 0.8004 - 0.7912 0.7912 0.7854 0.7311 0.6624 

5 0.2931 0.4079 0.7751 0.7408 - 0.7769 0.7795 0.6744 0.6282 

6 0.2606 0.5734 0.7766 0.7488 0.7488 - 0.7505 0.6953 0.6054 

7 0.1518 0.4707 0.7609 0.7038 0.7648 0.7200 - 0.6001 0.5391 

8 0.0732 0.3799 0.6119 0.6102 0.5976 0.6037 0.5637 - 0.7238 

9 0.1330 0.1893 0.5307 0.5480 0.5760 .05307 0.5097 0.7609 - 

*The column is the predicted time series, relative to using row X. For example, we take Row 4, 

column 1 and  get CCMXY = CCM41 = 0.3119. 
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Figure 3.3: Cross-channel correlation of turbulent flows with respect to 
reference Channel 4 at different flowrates. Each channel is 25m apart, thus a 

distance of -75m corresponds to Channel 1, and 125m corresponds to Channel 9. 
 

From this analysis and Table 1, we can see that the information of Channel 1 has little effect on 

other channels: its dynamics are different. Although there is difficulty in estimating other channels, 

information is still present. However, from Channel 4 to 7, we can see they are highly predictive 

of one another (The coefficient is closer to 1, meaning exact match). There is a large jump from 

Channel 1,2,9 and the other channels. Keeping in mind Channel 1 and Channel 9 are far apart, 

Channel 1 contains very little predictive information on Channel 9, which matches the CCM 

analysis. We obtain similar results from the Pearson cross-channel correlation plot of the time 

series with respect to Channel 4, shown in Figure 3.3. In Figure 3.3, the results are based off 

Channel 4 as the “zero meter” reference. A decrease of correlation with distance is also found to 

have similarities with CCM results. From CCM and the correlation, we justify using Channel 4 for 

further analysis. 
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Figure 3.4: RMS time series with flow plot. There is an apparent trend seen in 
the relative intensity of RMS as the flow increases, particularly in Day 2. 

 

A plot of the acoustics with zero flow and outliers removed in Figure 3.4 shows the visual 

correlation of the acoustics with flowrate. There is an apparent trend in the relative intensities, 

however it is evident a direct linear relationship does not exist. The RMS for Day 1 is higher than 

Day 4-6, despite the flowrate for the Day 1 operating around 35 units. However, the relative 

intensities match for Day 3-5. This means there should be some relationship found in short-term 

RMS-acoustics. To find features that allow for longer-term relationships, acoustic information can 

be extracted further. 

3.3.2 Frequency domain feature selection 

Parseval’s relation [99] describes the energy in the spectral domain is equal to the time-domain 

equation of RMS over the same time period. The RMS can be described in Equation (3.14) in 

terms of frequency, where 𝑎𝑎𝑘𝑘 are the discrete coefficients of signal P(t) of length N, which is 
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identical to the time window used to compute in time domain. The frequency domain offers an 

advantage in weighting of certain frequencies known to contain noise in acoustic theory. In this 

case, our assumption of ignoring wall vibrations can be learned by the model weights. By this 

theorem, we can also define a weighted RMS, as shown by Equation (3.15). 

 
𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟 =

1
𝑁𝑁
�[𝑎𝑎𝑘𝑘]2
𝑁𝑁−1

𝑘𝑘= 0

 
(3.14) 
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𝑁𝑁
� 𝛽𝛽𝑘𝑘[𝑎𝑎𝑘𝑘]2
𝑁𝑁−1

𝑘𝑘= 0

 
(3.15) 

In Equation (3.15), 𝛽𝛽𝑘𝑘 represents weights in the magnitude spectra for the unwanted equipment 

and human noise, allowing for suppression of the noise. Regularization of Equation (3.15) [100] 

can be implemented by forcing 𝛽𝛽𝑘𝑘 = 0 for 𝑘𝑘 > 𝜔𝜔𝑟𝑟𝑚𝑚𝑥𝑥 and adjusting the scaling factor N. 

 

Figure 3.5: Spectral analysis of acoustics in Channel 4. In the spectral domain, 
more separation of the acoustic-flow patterns can be found. 
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From the frequency features in Figure 3.5, similar flowrates are measured but the spectra is 

contaminated by different noise levels, due to other sources of sound. In the time domain, our RMS 

time-domain measurements can differ by 10-50% by a 20dB increase in the noise profile. A 

frequency domain approach becomes useful when considering the impact of the broadband noise 

involved in some dynamics of flow. It is also shown in Figure 3.6, that in general, the frequencies 

above 1kHz are entirely correlated to frequencies of 300-1000 Hz and may be unneeded. Thus, we 

use frequencies up to 1kHz in our models. This would also improve the speed of convergence and 

reduce model complexities. 

 

Figure 3.6: Correlation plot of the frequency over a 100-minute window. It is 
shown that the higher frequencies contain correlated noise and thus can be 
removed. 

3.3.3 Effect of spectral transformation 

The estimate of the spectrogram suffers from the “uncertainty principle” [5], where a tradeoff 

between time and frequency is required for the estimate of spectral coefficients. The frequency 

resolution is found by computing: ∆𝑓𝑓 = 𝐵𝐵𝑇𝑇
𝑊𝑊

. The STFT spectra, given a time window of 60 seconds 
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would give a frequency resolution of 1/60 Hz, up to 20.6kHz, and is asymptotically unbiased [101], 

with variance equal to the AWGN noise power. Frequency smoothing via the Daniell method 

[101][102] by summing up adjacent frequencies was performed to decrease the variance of the 

estimate by a factor of L = 60, but reducing resolution down to 1 Hz. Given the number of samples 

is T seconds * Fs, it is sufficient to approximate this as unbiased.  

We note three observations: 1) measurement noise decreases with more samples and frequency 

smoothing, consistent with theory. 2) the flowrate measurements are approximately error-free, and 

(linear) interpolation of flowrate from per-minute to a smaller time resolution introduces a linear-

assumption bias to the equations. 3) As well, assuming we have a sufficient amount of data 

samples, it is computationally more efficient to batch the data to perform one estimate than to 

perform multiple estimates and then compute the average [103].  

We base our measurements on the given per-minute measurements of flowrate. Given our 

assumption, we find the spectra (acoustic response) of the system to flow is also relatively similar 

on a per-minute window, and even a per-second window as shown by Figure 3.7. This assumption 

means our response is stationary during each minute. This is untrue for transient analysis, meaning 

the flowrate changes very quickly to an unsteady state, and the acoustic response experimentally 

decays over several seconds. If there was an impulsive transient in flow between the two values, 

it would be reflected in the long-term spectra and violates stationary assumption of the STFT 

window [104]. However, for a majority (>98%) of our measurements, the difference between two 

consecutive minutes of flow is negligible. 
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Figure 3.7: The spectra for (left) a 60 second window and (right) per-second 
window, for the first steady state frame. It is shown the ratio of the 
frequencies are very similar, aside from the noise profile and their 
magnitudes. The noise is more prominent in the per-second spectra at higher 
frequencies. 

 Preprocessing of the raw acoustic data and flowrate 

To align with the flowrate, raw acoustic data with non-overlapping one minute windows was 

generated. For real implementations, due to methods with raw data post-processing and storage, 

the flowrate and acoustic data may not align perfectly. In these situations, a nearest neighbor 

algorithm to find the closest timestamps is used to align the times of the acoustic data with the 

flow data. Interpolation of flowrates is considered if the estimation interval is required to be 

smaller. 

This allows for drifting in time due to non-uniform sampling periods, and to easily get target 

flowrates for any batch of inputs. A high pass filter on the raw data removed dc component 

frequencies below 10 Hz. We study the case where there is actual flow in the pipe, as average 

readings for acoustics in the zero-flow case is equal to the ambient acoustics and is easily 

distinguishable.  



41 

 

3.4.1 Framework for raw data processing 

We transform the raw data into the frequency domain using the Fast Fourier Transform (FFT). 

This allows us to capture the temporal information while separating signals superimposed in the 

acoustic data. For the Alberta dataset, the time window is approximately T=60 seconds.  

The number of samples of raw data is chosen such that its Fourier transform will be representative 

of the spectrum in the one minute time window, corresponding to one interval of flowrate 

measurement. Since the flowrate changes slowly on a “per-minute” basis, the timestamp of the 

first sample is aligned with the flow using a nearest neighbor’s algorithm. Our raw data (Fs = 

41,118 Hz) is windowed into T = 60 seconds. Thus, our input vector 𝐼𝐼𝑛𝑛  =  [𝑥𝑥1, 𝑥𝑥2, … 𝑥𝑥𝑟𝑟],𝑚𝑚 =

𝐹𝐹𝑟𝑟𝑇𝑇 contains approximately m = 2.47 million samples per batch. With the Daniell (1946) method 

of spectrogram estimation [102], we smooth the frequency spectra to 1 Hz resolution. We must 

also obey the Nyquist frequency and use coefficients up to half the sampling frequency Fs. We 

discard half the samples, so our maximum frequency is Fs/2. The output of the raw data processing 

is a vector representing the frequency spectra of the window up to 20.6 kHz.  

 Evaluation Methods 

We use machine learning techniques to fit the function given by 𝜕𝜕(𝑡𝑡) = ∑ 𝑓𝑓(𝛽𝛽𝑖𝑖𝑎𝑎�𝑖𝑖𝑁𝑁
𝑖𝑖=1 ). The method 

of using time domain RMS is also tested on the same networks. Frequency regularization, noise 

and dimensionality reduction via spectral cut-off are used. We applied Fourier truncation above 

frequencies of 1kHz, and was shown to improve performances in preliminary tests. This also 

removes the higher frequency noise and reduces model complexity significantly. In our 

implementation, we omit all zero-flow responses due to the physical model assumption requiring 

turbulent motion to generate acoustics.  
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We apply early stopping to a validation set and stop iterative computation of scaled conjugate 

gradient to obtain weights when the validation error increases, or if the number of epochs on the 

training dataset is over a threshold. From experience, the early stopping method should be verified 

with increasing the number of epochs or by increasing the threshold on error increase. 

The hyper parameters of each algorithm are tweaked to minimize the error, and we note similar 

performances after convergence. For optimization of the network size, we use cross-validation 

over 5 folds and 5 runs of the dataset. Cross-validation and coefficient of determination (R2 value) 

is used to evaluate the accuracy of the models [105]. The coefficient of determination is a statistical 

measure of the model’s goodness-of-fit to the data and measures the percentage of data that is 

predictable from the model.  If the coefficient of determination is equal to 1, then the model is a 

perfect fit with no error. It is calculated as the square of the Pearson correlation coefficient (R-

value) of the model’s estimates and the actual values [106]. 

3.5.1 Flowrate estimation models 

The physical model for relating to the flowrate is shown in section 3.2.2 of this chapter. Our 

assumption based on the equation is that density, fluid temperature (affecting viscosity), and fluid 

composition are near-constant in time, and the time-frequency spectra of the acoustic pressures 

can be used as features to obtain information about the flowrate. The physical model is valid for 

non-zero turbulent flowrates. The flowrate used for supervised learning is assumed constant due 

to same diameter and incompressible fluid.  Deviations in the assumptions may be reflected in the 

accuracy of the estimate.  

A relationship can be found representing the acoustic spectra and the flowrate. The most 

commonly used architecture for function approximation is the multi-layer perceptron (MLP). Deep 

neural networks (DNN) contain more layers or additional architecture for more feature extraction 
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[7]. We utilize autoencoders (AE) for denoising and robust feature extraction. [10] Support vector 

regression find weights using an appropriate objective minimization function. Kernels can be 

exploited for nonlinear mapping. [52] Radial basis functions can approximate linear or nonlinear 

functions and behaves similar to nearest neighbor algorithms since they compare distances from a 

point. [107] Long short term memory (LSTM) can also be used for time-dependent data by 

stacking a regression MLP. For LSTM’s we feed the RMS time series data, since raw inputs at 

41kHz would greatly compound the computation size and would not fit in our current system. Raw 

data would require a large amount of inputs for a temporal reconstruction, making it impractical 

as mentioned by Graves et al. [59]. 

Several function approximation techniques are used to verify the accuracy of the approach.  

1) Neural Network (MLP) 

2) Deep autoencoder neural network (AE-MLP) with pretraining. 

3) Support vector regression: linear (SVR-lin), Gaussian radial basis function (SVR-RBF) 

4) Radial basis function neural network (RBFNN) 

5) Long short term memory network (LSTM). 

Similar to the findings of [108], we observed that stacking multiple AE’s did not result in a 

significant improvement for regression. AE-SVR’s were also investigated for classification in [10], 

but when applied to regression, the nonlinear models were far superior, but still not good at 

generalization. Thus, they are omitted from our results. For function approximation, we minimize 

the mean squared error between the target and the input mapping.  
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3.5.2 Processing optimizations and data considerations 

As the training data was too large to fit in memory at once, there were several techniques we used 

to solve this problem. When optimizing the network, and loading the raw data, outputting the 

Fourier transform, RMS and pooling the adjacent frequencies to 1Hz resolutions would take a long 

time. We saved the outputs of the preprocessed data, then tweaked our autoencoder and hidden 

layer size. This way, we would re-use the data for training networks of varied sizes. Note during 

the inferencing step in practice, explicit preprocessing is not required since we only load one 

minute windows of the raw data and save the output estimated flowrate – this data can fit in 

memory. However, as using cross validation requires using all the data for a train/validation/test 

set, we chose to transform and align the entire dataset. The architecture for flow estimation from 

the raw dataset using the AE-MLP is shown in Figure 3.8. Note the Low-pass filter (LPF) 

represents omitting higher frequencies as inputs to the networks. 

Algorithms were coded and tested using MATLAB 2015b [109]. For LSTM’s, we used the 

Tensorflow software API widely used for deep learning [110]. For our training algorithm of MLP 

and AE-MLP, we used scaled conjugate gradient implementation as a tradeoff between 

performance and fitting in memory. Network size was chosen to minimize the error. The maximum 

number of epochs was set to 1000 as default. We also used the parallel pooling and processing 

functionalities in MATLAB. Experiments were conducted on the training data with a 16GB RAM, 

Intel i7, 3.60 GHz machine.  
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Figure 3.8: Architecture for flow estimation 
 Experimental results 

The following results are computed from Channel 4 inputs of the March dataset and shown in 

Table 2. For this dataset, we obtain 8071 minutes of non-zero flowrates, with a mean value of 37.4 

and standard deviation of 4.90 flow units after removal. We compare RMS to frequency (FREQ) 

inputs in the model using two evaluation measures: MSE and the R-value (the Pearson correlation 

coefficient). The MSE over 5 runs and 5 cross-validation (CV) folds is shown. By using CV with 

uniformly sampled test data, the entire dataset is tested. Figure 3.9 shows the result using the AE-

MLP, with the blue dotted lines as the flow estimate output per minute of acoustics, and the orange 

lines representing the measured flowmeter reading per minute. Note the “spikes” to zero in the 

figures represent the zero flow regimes that are not completely removed as they correspond to a 

very low flowrate. Figure 3.10 shows the estimates using the SVM-lin and SVM-RBF. It is evident 

that the SVM-lin estimates show large error particularly in periods of fast flow change. In those 

cases, the estimated flowrates at 80 flow units are more than twice the flow. The SVM-RBF is 
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more robust to flow transitions in that regard, but performance overall is worse at estimating slow 

changes in flow. We also analyze one more comparison using the first 5 days (corresponding to 

the first 6000 timestamps) and applied to the final (5th – 7th) days. This ensures our network has 

not seen similar “temporal” data to the operation. Figure 3.11 displays the estimates using AE-

MLP and MLP on the final days. The AE-MLP is shown to be more accurate. If a model does not 

converge in a certain run, but converges in other runs, this is omitted from the calculation of the 

error. We note that most of the error is from comparing transient regions. 

Table 2. Comparison of algorithm performances for Channel 4, Dataset 1 (Mar 1- Mar 7) 

Algorithm Train_MSE 

(RMS) 

Test_MSE 

(RMS) 

Train_MSE 

(FREQ-

CV) 

Test_MSE 

(FREQ-

CV) 

R-value 

(FREQ-

CV) 

Train_MSE 

(5 days 

FREQ) 

Test_MSE 

(final day 

FREQ) 

Polynomial 

(Order 1 to 

5)  

~23.50 ~23.72 - - - - - 

MLP-200 21.07 22.72 5.03 

 

6.53 

 

0.856 5.55 

 

7.51 

AE-MLP 23.62 21.16 3.89 4.50 0.880 2.99 6.77 

SVR-Lin 24.22 25.07 4.93 8.34 0.7985 5.21 9.25 

SVR-RBF 3.50 22.83 2.70 10.32 0.770 2.84 22.03 

RBFNN 

(1000 

Neurons) 

- - 3.16e-11 3.65e+03 .0705 5.98e-12 78.77 

LSTM 

 

19.24 25.60 ~21 (Delay, 

1 – 10 min) 

~21 - 26.20 26.97 

• “-“ denotes tests unavailable. 
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Figure 3.9: Estimation results using AE-MLP for flow estimation. 
 

 

Figure 3.10: Estimation results using SVR-Lin and SVR-RBF on the cross-
validation data. Although SVR-Lin has lower testing error, it occasionally 

estimates large error. 
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Figure 3.11: Estimation results using MLP, AE-MLP on final days 
 

3.6.1 Experiments on January dataset 

Tests using the successful algorithms with the same network size were conducted on various 

subsets of the month of January (Jan 1 – Jan 30). With zero flows removed, 39440 samples with a 

mean value of 21.1 and standard deviation of 6.37 flow units. Results for flow estimates are 

shown in Table 3, and plotted in Figure 3.12. Due to having no information about the fluid 

densities, we conducted a test to see whether a long duration of flows could be estimated. A shorter 

duration of 12 training days and 3 testing days is compared in Table 4. The outputs of the estimated 

flow are depicted in Figure 3.13. Compared to the data for March, the generalization of all 

networks on an unseen future spot of time is worse. For testing on the final week of January, the 

R value shows a high correlation, which shows the general pattern of flow is estimated, but the 

MSE confirms the estimates have error. However, the cross-validation performance using 

uniformly sampled data from January is comparable to the performance of March using frequency 

inputs. The error and plots show cross-validation has generalized to uniformly selected out-of-
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sample data. We also found a log-transformation could improve the model generalizations on 

unseen days.  

Table 3. Comparison of algorithm performances for Channel 4, Dataset 2. (Jan 1 – Jan 30) 

Algorithm Train_MSE 

(CV) 

Test_MSE 

(CV) 

R-value Train_MSE 

(23 days) 

Test_MSE R-value 

MLP 12.2398 12.6527 0.8330 1.7776 53.9864 0.8712 

AE-MLP 3.7536 3.5308 0.9575 2.9146 59.3176 0.8764 

SVR-Lin 22.7635 24.6593 0.6546 7.0157 88.7112 0.4778 

 

Table 4. Comparison of algorithm performances for Channel 4, Dataset 2. (Jan 1 – Jan 15) 

Algorithm Train_MSE 

(CV) 

Test_MSE 

(CV) 

R-value Train_MSE 

(12 days) 

Test_MSE  R-value 

MLP 3.4889 3.7633 0.7920 5.7312 7.6440 0.4021 

AE-MLP 2.9478 2.8871 0.8520 4.4122 3.5958 0.4629 

SVR-Lin 3.3227 3.6015 0.7992 4.0750 5.9241 0.6367 

 

The performance comparison for January dataset displays similarities to the first dataset for cross-

validation using evenly-distributed temporal data. Note the relevance of the data to the testing 

operations. While the spectral inputs are superior to time-series RMS inputs, they do not represent 

the entire system which evolves with time. This likely corresponds to a shift in non-stationary 

system dynamics unable to be captured by this model. For example, the density and composition 
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of the fluid has changed, or the flowrate regime is not in the training data. Thus, a dynamical 

systems approach may be used to predict shifts in these dynamics. 

 

Figure 3.12: Estimation results on January 1-30 

 

Figure 3.13: Estimation results on January 1-15 
3.6.2 Experiments on BC dataset 

Results from the BC dataset experiments are shown in Table 5 and Figure 3.14. Throughout this 

period, the density of fluid injected is near-constant at 677.67 ± 0.0463 kg/m3. It is known that 

after the period of 3 hours, the fluid density is increased and then fluctuates. There are 966 samples 

of non-zero flow with a mean of 2119.3 and standard deviation of 55.9.  Previously, we showed 

experimentally that one second and one minute of flows can still be similarly extracted. To align 
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with the flowrate, we choose to window 5 seconds of acoustics with the corresponding flowrate, 

also measured every 5 seconds. The first minutes of transitional flow from zero is ignored. We 

also use Channel 4 as it is the same distance (100 meters) from the machinery. The R value and 

plots show cross-validation is worse than the previous datasets. However, the trend is still higher 

compared to testing on the final block of time. We suspect that the flow acoustic model is 

insufficient to generalize to unseen operation using a small amount of data. 

Table 5. Comparison of algorithm performances for Channel 4, Dataset 3. (BC) 

Algorithm Train_MSE 

(CV) 

Test_MSE 

(CV) 

R-value Train_MSE 

(~2 Hours) 

Test_MSE  R-value 

MLP 1216.5 1591.9 0.7026 358.99 17723 0.0484 

AE-MLP 94.93 1217.8 0.7886 299.45 11715 0.0596 

SVR-Lin 1324.5 1553.5 0.7190 413.58 10860 0.1834 

 

 

Figure 3.14: Estimation results on BC dataset 
3.6.3 Flow estimation with added noise 

To show the effect of noise on generalization performance, experiments on the March dataset was 

performed at varying noise levels. This will verify whether the convergence is possible in different 
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environments. Comparisons of the noise performance for the architectures: MLP, AE-MLP, and 

SVM-Lin are shown in Table 6 and depicted in Figure 3.15. 

We assume that there is already a noise level of N, and additive white Gaussian noise (AWGN) of 

V is added, resulting in a noise level of N+V. This noise is added to the amplitudes at each 

frequency (1 – 1000Hz). We only perform on the algorithms that converged and had the highest 

accuracy for this data. Since we only wish to observe the effect of noise, we do not change the 

network size, and perform early stopping on the validation set.  

Table 6. Comparison of noise performance of different algorithms on flow estimation 

Algorithm Train_MSE 

(CV) 

Test_MSE 

(CV) 

R-value Train_MSE 

(5 days) 

Test_MSE 

(6th day) 

R-value 

MLP (V = 

0.001) 

5.0560 6.8471 0.8496 5.4066 9.6190 0.6997 

AE-MLP 4.6593 5.3979 0.8810 4.7583  7.6791 0.8021 

SVM-lin 5.6640 8.0522 0.8237 5.6536 10.7318 0.6512 

MLP (V = 

0.01) 

7.2301 14.1137 0.6604 7.4601 21.5087  0.2317 

AE-MLP 8.5563 11.3440 0.7280 8.6839 18.8144 0.2521 

SVM-lin 10.6577 13.4909 0.6739 9.9735 20.9443 0.1767 

MLP (V= 

0.1) 

1.1908 35.2864 0.0500 1.0032 40.5246 1.3192e-04 

AE-MLP 22.6234 24.0021 0.0781 23.6682 26.3049 0.0438 

SVM-lin 21.2286 32.6832 .0779 21.1071 34.1475 -0.0018 
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All three algorithms exhibit a performance decrease in terms of the testing error and the model fit. 

The MSE increases while the R value decreases with noise. A high noise level of 0.1 corresponding 

to 10x the highest amplitude was significant enough to distort the solution. In terms of 

generalization to unseen data, the AE-MLP could learn a more robust generalized space, and 

outperforms SVM’s. As shown by Figure 3.15, the AE-MLP is still consistently better in terms of 

estimating flow from noise added into acoustics. This means the autoencoder pre-training is not 

degrading the features learned with noise. This analysis applies to the cross-validation and the 

prediction of final day. Thus, we can conclude that if the generalization performance is poor, the 

“noise” must be significant, or the dynamics have changed. Since the MSE performance for the 

cross-validation set of January is comparably low and the R value is high, we can assume that the 

data from January does not have significant AWGN added compared to March. This implies the 

behaviour of acoustic-flow correlation has deviated from our initial assumptions, such as fluid 

compositional change. 

 

 

Figure 3.15: Noise performance comparison of several algorithms. For CV and 
future time blocks, the algorithms continually converge to a low error unless 

significant noise is added. 
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3.6.4 Discussion of flow estimation results 

For the algorithms used in this section, the networks did not converge in RMS when using 60 time-

delays of one second per input vector. This implies non-convergence using the time-domain 

acoustic pressure parameter, even though a history of RMS pressures was provided as inputs to 

the models. Analysis showed the noise in the RMS could be weighted and decomposed in the 

frequency domain by the models. 

The LSTM was unable to find a solution in the time or frequency domain. This implies the LSTM 

could not explicitly create a correct representation from the inputs, despite creating a 

representation of each timestep. We note that our problem is not estimating the next flowrate based 

on previous flowrate, so we speculate the structure of previous flow patterns was not used. 

However, more research may be required to preprocess the data in a better “LSTM” format.  

Comparatively, algorithms converged when using frequency domain solutions. As expected, 

weightings learned by the model have improved modelling. In terms of models for regression, a 

low training error may denote overfitting, as shown by the Gaussian kernel-SVM and RBF-NN.  

We note the spectral preprocessing is also a kernel transformation from the original raw data given 

the spectrogram time window, thus a “linear” approximation was also shown to work. In all cases, 

very fast transients could not be modelled, as mathematically these transients are modelled by 

additional partial differential equation terms [45]. Linear models are shown to be especially 

sensitive to changes, particularly in these transient regions.  

From the experimental tests performed on three datasets, the best algorithm for generalization is 

the deep neural network. In order of resource computation, the requirement is high for LSTM and 

AE-MLP, then RBFNN, SVR and MLP. 
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For the Alberta dataset, it was shown that a high correlation exists between acoustic spectra and 

flowrate using cross-validation and testing on the first week of March. Visual inspection from the 

measured and estimated flows are consistent with a relatively small error. Large fluctuations of 

error may occur during fast transitional periods when the flows change unsteadily. A similar 

pattern was observed in January’s flow measurements. The larger dataset size and longer-term 

flow patterns verified that long-term estimates can be highly correlated from the flows. However, 

the accuracy of the approach to estimate the exact flowrate was found to depend highly on the 

data. A cross-validation approach where the data was uniformly sampled between the month had 

highly accurate estimates from acoustics. For the BC dataset, using a brief time window of 5 

seconds per acoustic calculation was found to be successful during cross-validation performance. 

The data also reveals the quasi-stationarity flow assumption is correct. Physically, this means the 

flowrate does not change dramatically within a “per-minute” timeframe. The dataset size may have 

limited the accuracy of correlation to an unseen block of time. All methods seemed to converge 

using the cross-validation data, suggesting that any unwanted additive noise difference between 

the datasets is minimal. Using the cross-validation results, the normalized root mean squared error 

(NRMSE) is approximately 5.6% for March, 8.9% for January, and 1.7% for BC. Note the flowrate 

for the BC pipeline was of magnitude larger than the Alberta pipeline. Compared to conventional 

flow measurements of 2% full-scale using a calibrated ultrasonic Doppler flowmeter [111], the 

error can be higher. However, flow measurements at the resolution of 25m would not be obtainable 

without some restriction of operation, or high cost [13].  

 Summary 

A data-driven approach to estimate flowrate is tested on experimental pipeline data. A flow 

estimation method based on a fluid-acoustic model was described from physics principles. The 
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approximate equations from physics are derived to gain insight to our assumptions. It was found 

that small-scale velocity fluctuations in the turbulence has some relationship with the acoustic 

pressure fluctuations, which can be used to determine a statistical measure of the flowrate. The use 

of the frequency domain is justified. CCM Causality and correlation analysis was performed in the 

spatial domain. We discovered a high correlation in adjacent channels that matched our initial 

assumptions of near-spatial homogeneity of flow. From this information, we investigate Channel 

4’s acoustics in detail. Analysis was performed in the frequency domain data, to verify the 

applicability of the methods in the presence of noise level, transients, statistics of the response. It 

is shown that the per-second spectra and the per-minute spectra are similar due to the quasi-

stationarity of the flows. This assumption was also verified from 5-second flow measurements in 

the BC dataset. Regression methods were unable to estimate flow using time-series RMS of one 

channel. Experimental results show when using frequency representations, the deep learning 

neural network methods outperform SVM’s and shallow networks, particularly in modelling of 

flow changes and noisy data.  

The learned models in Chapter 3 are primarily data-driven. As shown by the results for Alberta 

pipeline in March, the networks can generalize to unseen days. However, the extent of the 

generalization of the acoustic-flow correlation is largely driven by the underlying system 

dynamics. As shown by tests on the Alberta pipe in January, predicted flow will deviate depending 

on the selected window. This suggests that although short-term flow behaviour can be captured, 

the method could be improved for long-term influences by incorporating more variables known to 

affect the flow-acoustics, such as density, geometry, and viscosity. From physics principles, 

changes in the fluid composition and properties should be investigated with the acoustic response. 
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For a complete flow-acoustic model, predictive models can determine deviations from the 

dynamical system behaviour. In the next section, we investigate spatio-temporal dynamics of flow.  
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Chapter 4.  Predicting turbulent flows from acoustics 

In this chapter, we extend our previous analysis to the spatio-temporal domain, and apply acoustics 

to modelling the evolution of turbulent structures in pipe flows. Turbulence studies have been 

compounded by the difficulty that is an infinitely dimensional and nonlinear phenomenon [2]. 

Described as disordered and exchanging energy at various length scales [21], the spatio-temporal 

dynamics of turbulence is complex. Previous studies utilize the homogeneous and isotropic 

turbulence assumption to attempt mathematical closure [112]. Very recent studies have revealed 

that turbulence may have underlying “orderly” coherent structures that can be obtained from 

statistical or dynamical approaches [24][85][113][114].   

As shown in Chapter 3, the acoustics can also be used to estimate and characterize statistical 

properties of turbulence, such as mean velocity of the flow. Following these researchers, the 

viewpoint of observing "orderly" flow patterns from the acoustic energy of turbulent flow may 

allow for prediction of turbulent flow. By looking for these patterns in acoustics, we can identify 

experimentally, ordered (coherent) structures from turbulent pipe. The dynamical viewpoint of 

turbulence is used, where the time evolution of a flow's velocity field is modelled by trajectory in 

state space, with each point as a solution to the Navier-stokes equations [23]. 

A model can be formed by the manifold of the acoustics generated by the turbulent velocities. In 

this viewpoint, the prediction of the future flow structure can be obtained by acoustics. Thus, we 

identify organizational states in turbulent pipe flow captured by its acoustics. 

Since the acoustics of turbulence is affected by other factors such as fluid composition and 

temperature, the dynamics of the flowrate parameter is also modelled separately. Two aspects of 

turbulent flows are described in this chapter. 
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1) The presence of spatial (non-local) interactions affecting the flow structure, is investigated 

experimentally. Using the flowrate estimates, we learn models for each channel to reconstruct a 

spatial representation of the flow structure.  From these, we investigate if our spatial homogeneity 

assumption is correct from our model estimates. 

2) The spatial homogeneity shown from the flow estimates is exploited to model the spatio-

temporal dynamics for predictions [74]. Dynamic reconstruction models of the flow-acoustics is 

also constructed for time evolution behaviour. This method is based on Taken’s delay-embedding 

and Empirical Dynamic Modeling (EDM) for dynamical state-space reconstruction.  The acoustics 

and flow behaviour are predicted from a state-space model formed by previous observations of the 

respective variables.  

 Structures of turbulence in pipelines 

One method to study turbulence is to reduce complexity by partitioning the field as spatial 

structures. Turbulence can be modelled as coherent structures, defined as a 3D region of flow 

which some properties exhibit significant correlation over some space-time [39]. It is helpful to 

partition the pipe into simple geometrical units. In turbulence, the dynamics of these geometrical 

units are investigated to reconstruct statistical properties of the flow field. For example, large scale 

“packets” were found to be statistically significant structures in turbulence and in near-wall 

transport processes [42]. 

4.1.1 Turbulent structures from acoustics 

Spatio-temporal acoustic patterns formed from turbulent fluid-pipe interactions are generated from 

underlying flow characteristics. Thus, the acoustics generated from the fluid-pipe interactions 

represent “structures” of turbulence. For the case of fully turbulent pipe flow, the aero-acoustic 

wave equation, derived from the Navier-Stokes is shown in Equation (4.1). 
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 𝜕𝜕2𝜌𝜌′
𝜕𝜕𝑡𝑡2

− 𝑐𝑐2
𝜕𝜕2𝜌𝜌′
𝜕𝜕𝑥𝑥𝑖𝑖2

=  
𝜕𝜕2𝑇𝑇𝑖𝑖𝑖𝑖
𝜕𝜕𝑦𝑦𝑖𝑖𝜕𝜕𝑦𝑦𝑖𝑖

+
𝜕𝜕𝜕𝜕
𝜕𝜕𝑡𝑡

−
𝜕𝜕𝑓𝑓𝑖𝑖
𝜕𝜕𝑥𝑥𝑖𝑖

,  
(4.1) 

 

where 𝑇𝑇𝑖𝑖𝑖𝑖 is dependent on the turbulent fluctuations as shown in Chapter 3. In an isotropic fluid 

density 𝜌𝜌(𝑡𝑡)′  and acoustic fluctuations 𝑃𝑃(𝑡𝑡)  are related by a linear approximation shown in 

Equation (4.2). 

 𝜌𝜌(𝑡𝑡)′ = 𝑐𝑐2𝑃𝑃(𝑡𝑡) (4.2) 
   

The solution to P(t) for Equation (4.1) is measured as the acoustic pressure fluctuations measured 

by our fiber-optic sensor at a specific location x.  As shown by physics principles, the acoustic 

source is dependent on the stress tensor 𝑇𝑇𝑖𝑖𝑖𝑖, changing flowrate Q, and strength of wall fluctuations 

f present in turbulent flows.  Turbulent flows can thus be characterized from RMS intensity 

measurements and Fourier decomposition of the acoustics [45][47][49].  

 Visualization of turbulence from acoustics 

To explore the idea of homogeneous turbulent flow assumption, a per-channel estimate of the flow 

is estimated. From the models explored in Chapter 3, we apply this estimate to reconstruct the 

local structure of turbulent flows in pipes. Visual analysis and CCM shows that most channels 

exhibit similar frequency distributions shown in Figure 4.1, as well as their temporal behaviour. 

Each model is trained with the same flow data using the AE-MLP network. However, we form 9 

independent models based on the acoustics per channel. The result is applied to acoustic data for 

the final day of March. This reconstructs a mean flowrate estimate for each spatial channel. We 

can then visualize the evolution of flows in the spatio-temporal domain, as depicted in Figure 4.2 

and Figure 4.3.  
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Figure 4.1: Spectral coefficients of each channel. Each 1000 Hz represents one 
channel. The similarity of these acoustics is preserved in the spatial-spectral 

dimension, although as expected, Channel 1 and 2 are fundamentally different. 
 

 

Figure 4.2: The long-term spatial flow estimates per channel. Note the 
synchronized behaviour even during transients when the flow is unsteady. 
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Figure 4.3: The extent of the spatial inhomogeneity is shown by existence of hill-
like estimates. If the flow is higher for one region, it tends to stay above the other 

regions, forming “hill” structure. 
 

From the spatial estimates shown in Figure 4.2 and Figure 4.3, we can see that all channels are 

synchronized in terms of their flowrates in the temporal dimension. However, there is noticeable 

spatial fluctuations per time window of acoustics, due to the actual non-homogeneity of the flows. 

It is important to observe “hill” structures across space, meaning the estimates are consistently 

larger for specific channels.  

The experimental simulation results show turbulent flows has some structural consistency in space, 

even during periods of unsteady flow. As investigated in Chapter 3, the acoustics used in the 

estimates also show a similar effect. Although the values of correlation are largely dependent on 

which channel is used to compute the correlation, these results confirm our findings with the CCM 

method and the velocity estimates. Different channels are shown to exhibit high correlation, 

although the effect decreases dramatically with distance and geometry. This is a large-scale 
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verification of Taylor’s homogeneous flow hypothesis [40], often invoked to compute spatial 

turbulence at various scales.  

4.2.1 Spatial energy distribution of flow-acoustics 

The spatio-temporal distribution of the acoustic energy is analyzed. If the pipe contains 

homogeneous flows, then we expect the acoustic energy distributed over spatial dimension is also 

constant. Experimental observations on the March dataset confirm that energies are relatively 

constant over short intervals. However, during a transient when 𝑡𝑡𝑑𝑑
𝑡𝑡𝑡𝑡

 is greater than some threshold, 

we observe a large energy exchange between different spatial domains. Since the acoustics near 

the machinery would most likely increase the overall energy of the adjacent channels, it is more 

relevant to view the change in energy. The visualization shows how a perturbation to the flows is 

not uniformly distributed in space. This could be due to transient pressure waves observed when 

the compressibility effect is not neglected. Transients are of interest since large pressure changes 

in the pipe, even if temporary, can cause damage and leaks [115]. As well, transients can also cause 

rapid changes in temperature and flow properties [116].  As such, prediction of acoustics for 

transient events in turbulent flow can be used for pipeline monitoring. Another interesting event is 

the transition back to laminar (“relaminarization”) [117] and turbulent flows.  

We define the energy distribution as the ratio of the (RMS) energy at the channel of interest (ch)  

to the sum of acoustic contributions of K relevant channels in space in Equation (4.3). 

 𝑬𝑬𝒓𝒓 =
𝑬𝑬𝒄𝒄𝒄𝒄

∑ 𝑬𝑬𝒌𝒌𝑲𝑲
𝒌𝒌=𝟏𝟏

 (4.3) 
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Figure 4.4: Spatial energy distribution of acoustics for Channel 3-8 during a 
transient when flow decreases from ~34 flow units to zero and transitions back 
to turbulence. Channel 1,2,9 are not calculated as the transient acoustics is high 

in those channels. 
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Figure 4.5: Energy distribution plots. Note the difference in the spatial 
behaviour: as the transient strength increases, the energy distribution in 
Channel 3 increases much higher, and is not constant with flowrate. 

It is shown in Figure 4.4, there is some oscillatory behaviour in the spreading of energy between 

channels, resulting in more local patterns. The decay of these structures in time describe the 

dissipation of the energy being scattered (unevenly) into all spatial domains [118]. When the 

energy distribution of the acoustics changes in a channel, it can be an indicator of spatio-temporal 

dynamic change in turbulent flow. Note in Figure 4.5, the differences in mean energy distribution 

at different flowrate levels is slightly changing since transients (>1 flow units per minute) represent 

a minor fraction of the dataset, verifying that spatial changes may be small in this dataset. 

Homogeneities represented in the acoustics may be used in spatio-temporal dynamical methods 

for predictions. 

 Dynamical analysis of the flow-acoustics 

Since the acoustics is an observation of the system, dynamics theory is used for studying the time-

evolution of the flow structures. The two dynamic models of interest are the flowrates and the 

acoustics time series. The predictability of turbulent flows is tested from the models. 

Dynamical systems theory can be traced to turbulence studies. Takens described a method to 

identify if the transition to turbulence in Taylor-Couette flows can be attributed to a strange 

attractor [37][72]. If an attractor using delay embeddings can be constructed, then an observation 

can construct a series mapped to reflect the original dynamics [119] The approach has been shown 

to work for cases where the time series data is not necessarily chaotic, or deterministic. From the 

reconstructed space, projecting the trajectory using local neighbors is a widely used method for 

prediction [74].  
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We wish to develop a state-space model that can reconstruct dynamics of flow. From the 

reconstruction, predict the dynamics given acoustic or flow data. If this is possible, then a change 

in flow behaviour can be predicted. From the previous section, we revealed that a flow estimate is 

quite consistent in the spatial domain. Therefore, we exploit this spatial symmetry to create spatio-

temporal models.  

We evaluate our model performance based on three quantitative values from flowrate and 

acoustics. Due to the differences in relative flowrates and acoustics, the P-value and mean absolute 

percentage error (MAPE) is used to compare between models of different datasets, while the MSE 

can be used to measure performances between algorithms and accuracy of the model. The extent 

of model fit is denoted by the P-value, defined as (P-value = 1 – Pearson correlation coefficient), 

which is a measure of the model predictive fit [120]. A lower P-value reveals better prediction 

model that matches the trend of the observation [105]. Another form of prediction accuracy is the 

mean absolute percentage error (MAPE), defined as the percentage of the deviation from the true 

value in Equation (4.4) 

 MAPE = 100
𝑁𝑁
∑ | 𝑥𝑥−𝑥𝑥𝑒𝑒𝑒𝑒𝑒𝑒

𝑥𝑥
 𝑁𝑁

𝑖𝑖=1 | (4.4) 

 

To determine if the series is chaotic, we analyze the Lyapunov exponent of the time series. The 

embedding dimension and time delay is found via false nearest neighbors and mutual information 

algorithms. We also visualize the data using autocorrelation and recurrence plots [121]. This 

analysis will confirm if the time series is purely stochastic (random), deterministic, or chaotic. If 

the series is not purely stochastic, Taken’s delay embedding can be used for dynamics [72]. 
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4.3.1 Estimation of the time delay 

Several experimenters, including Wolf et al. [122][78], mention that the impact of choosing time 

delay 𝜏𝜏   is inconsequential. Others mention the choice of optimal time delay depends on the 

purpose: prediction versus determining dynamic invariants. [74]  It is noted that a small delay is 

best due to problems in reconstruction if using large delays [74].  Nonetheless, well-known 

methods for time delay estimation are presented: Autocorrelation  and minimum mutual average 

information (MAI) [75]. The autocorrelation function can determine the expected time before the 

same value is observed. The normalized autocorrelation at lag k is defined as A(k) in Equation 

(4.5) and Equation (4.6), where 𝑦𝑦� is the mean, c0 is the variance of the data series. 

 
 𝐴𝐴(𝑘𝑘) =

𝑐𝑐(𝑘𝑘)
𝑐𝑐0

 
(4.5) 

 
𝑐𝑐(𝑘𝑘) =

1
𝑇𝑇 − 1

�(𝑦𝑦𝑡𝑡 − 𝑦𝑦�)(𝑦𝑦𝑡𝑡+𝑘𝑘 − 𝑦𝑦�
𝑇𝑇−𝑘𝑘

𝑡𝑡=1

)   
(4.6) 

 

The first zero of the autocorrelation function is the first time-lag when two samples are linearly 

uncorrelated. It can also be used to determine if the series is random noise: if all correlations other 

than at lag = 0 is zero, then the series is a white noise process [123]. However, sources argue that 

without any correlation, reconstruction is not possible, and suggest a threshold of delay  [124]. The 

MAI is the non-linear equivalent of autocorrelation and is the amount of information (bits) 

represented in the delayed value, defined in Equation (4.7), where 𝑃𝑃(𝑦𝑦𝑡𝑡,𝑦𝑦𝑡𝑡+𝑘𝑘) represents the joint 

probability density function (PDF).  

 
𝐼𝐼(𝑘𝑘) =  �𝑃𝑃(𝑦𝑦𝑡𝑡,𝑦𝑦𝑡𝑡+𝑘𝑘)

𝑡𝑡+𝑘𝑘

𝑡𝑡

log2[
𝑃𝑃(𝑦𝑦𝑡𝑡,𝑦𝑦𝑡𝑡+𝑘𝑘)
𝑃𝑃(𝑦𝑦𝑡𝑡)𝑃𝑃(𝑦𝑦𝑡𝑡+𝑘𝑘)

] 
(4.7) 
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The first local minima of the autocorrelation or average mutual information will maximize the 

linear independence of the data, but in practice, one should utilize information from both 

approaches and keep in mind the embedding delay is not too sensitive for reconstruction [74].  

 

Figure 4.6: Plots of MAI and Autocorrelation for the acoustic RMS time series 
(per minute readings) 

 

Figure 4.6 displays the plots of MAI and autocorrelation for the acoustics. Note the MAI and 

autocorrelation curves for acoustics differ depending on the time window. However, on average, 

after a delay of approximately 3 minutes, the values have dropped significantly compared to using 

a delay of one minute. We choose a delay of 3 minutes as the decrease in information is significant. 
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The MAI and autocorrelation of the flowrate seen in Figure 4.7 suggests a higher delay is required. 

However, this is unclear as some windows have small delay. Autocorrelation suggests a smaller 

delay larger than 3 is sufficient, while MAI suggest a delay larger than 5. We will use a delay of 

5. Since the delays and embeddings may be different for each purpose, we will choose the 

embedding with the lowest prediction error for prediction. 

 

 

Figure 4.7: Figures for autocorrelation and MAI for flowrate data 
 

4.3.2  Estimation of embedding dimension 

The false nearest neighbors (FNN) [77] approach is used to compute the minimum embedding 

dimension m. Although a large value of dimension is not incorrect, larger dimensions present more 

risk in embedding the data due to noise. As well, it takes more storage and computation for nearest 

neighbors in predicting trajectories. The smallest m that still results in a topologically correct 
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reconstruction of dynamics is found by embedding the data in dimension k and computing the 

nearest neighbors in the next higher dimension. Nearest neighbors are computed using a distance 

measure such as Euclidean. If the neighbor is not in the k+1 dimension, this indicates the kth 

dimension space is properly unfolding the dynamics. For noise-free data, the number of false 

neighbors drops to zero in a sufficient dimension. For noisy data – literature then takes a threshold 

below false neighbor percentage as the dimension. The FNN method provides a good starting point 

to estimate the minimum dimension [76].  

 

Figure 4.8: The FNN algorithm is applied to two different time delays of RMS. 
Both report a minimum dimension of 4 using an embedding delay of 1 (left), and 

3 (right). 
The FNN algorithm is applied to Channel 4’s acoustics for March, and shown in Figure 4.8. We 

can see that a sharp decrease in false neighbors after a dimension of 4. The FNN algorithm is 

applied to the March flowrates in Figure 4.9. Unlike the acoustics, the FNN algorithm for the flow 

depends largely on the window. In some cases, there is over 50% false neighbors. We choose 

minimum dimension as 9 corresponding to majority of the windows where the FNN is below 20%. 
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Figure 4.9: FNN algorithm for the flowrate. Embedding dimension of 9 is 
sufficient. 

4.3.3 Estimation of largest Lyapunov exponent 

To determine if chaos is present in the dataset, the largest Lyapunov exponent (LLE) is estimated. 

One measure of chaos is in the largest Lyapunov exponent. If the largest Lyapunov exponent is 

positive, then there is some element of chaos in the dynamics, or sensitivity to perturbations [125]. 

The exact estimate Lyapunov exponent is not required. Again, Takens theorem can be used to 

model these dynamics. The popular algorithm used to estimate the largest Lyapunov exponent 

from the time series is given in Wolf et al. [78], which is useful for long time series with minimal 

noise. From the previous sections, we determined an estimate for the time delays and the 

embedding dimension to reconstruct a sufficient state space. These values will be used for 

generating a prediction model using state space reconstruction. We note the exact value of the 

largest Lyapunov exponent is not of concern due to noise, but the presence of a positive value 

signifies sensitivity to perturbations. The results of estimation are shown in Table 7. Thus we can 

only say both observations of the dynamical systems is not strongly exhibiting chaos.  
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Table 7. Results of finding minimum delay and embedding dimension for state reconstruction 

Time series Dataset Delay Embedding Dim. LLEavg 

RMS acoustics, Ch 4 

(per minute) 

3 4+ 0.0009 

Flowrate (per minute) 3 9+ 0.03* 

*using an embedding dimension of 3 is computable 

4.3.4 Visualizing dynamics with Recurrence plots 

Recurrence plots [121] are a method to look for periodicities, chaos, and correlations in the data. 

Delay embeddings are generated from the time delay and embedding dimension m. Pairwise 

standardized Euclidean distance d is computed for each state. A dark spot on the graph represents 

neighboring states according to a defined threshold (1 − 𝑑𝑑) >  𝛥𝛥. Lines parallel to the diagonal are 

“diagonal lines”, represent segments of a phase space trajectory running parallel. Horizontal (and 

vertical lines due to cross-diagonal symmetry) represent states that remain in the same phase space 

region for some time.  

Recurrence plots are generated from the delay embeddings of acoustics, using delay 3 and 

embedding dimension 4. From recurrence plots of Figure 4.10, we can confirm observations from 

flow estimation. Day 2-3 corresponding to samples 2000-3000 exhibit different dynamic 

behaviours, and were able to be estimated from neural networks using RMS data alone. Due to 

homogeneities of the flow structure, the spatio-temporal behaviour can be reconstructed using 

multiple spatial variables.  
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Figure 4.10: Recurrence plots using delay embeddings from acoustics of Channel 
4 (left), and delay embedding created from Channel 1-9 (right). Visual 

similarities in the dynamic state space can be seen. 
 

 Dynamic reconstruction of flowrate and acoustics for prediction 

A prediction model is created from the dataset. We utilize Empirical Dynamic modeling [79] 

technique for a local manifold predictor. We utilize the delay and embedding dimension 

determined previously to generate a prediction model of the dynamics. In other words, we develop 

the model to predict 𝑦𝑦𝑡𝑡+1 from the values of [𝑦𝑦𝑡𝑡,𝑦𝑦𝑡𝑡−1, … ]. 

4.4.1 Empirical Dynamic Modelling (EDM) 

For nonlinear dynamical systems, an empirical method of forecasting is EDM [79]. The model is 

non-unique and is dependent on the information contained in the training data. The inclusion of a 

variable only suggests more information. EDM models are advantageous when using more data, 

as the manifold becomes denser. In contrast, parametric modelling techniques such as neural 

networks, autoregressive models [74] depends on the correctness of the equation and variables. 

For example, some variables in the equation derived from first-principles may be assumed 
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constant. Preliminary tests on dynamic model prediction accuracy on a Lorenz dataset and the 

effect of noise is shown in Appendix A. 

State space reconstruction: From the time series of the observations, construct an attractor to 

make short-term predictions. Specifically, from Takens theorem, we combine multiple 

observations of the time series from m time delayed samples to generate a state-space vector V(t), 

such that 𝑉𝑉(𝑡𝑡) =  �𝑥𝑥𝑇𝑇 , 𝑥𝑥𝑇𝑇−𝜏𝜏,𝑥𝑥𝑇𝑇−2𝜏𝜏 … 𝑥𝑥𝑇𝑇−(𝑟𝑟−1)𝜏𝜏�. Multiple variables x, y observed from the same 

system can be combined into the attractor reconstruction such as: 

 𝑉𝑉(𝑡𝑡) =  [𝑥𝑥𝑇𝑇 , 𝑦𝑦𝑇𝑇 , 𝑥𝑥𝑇𝑇−𝜏𝜏,𝑦𝑦𝑇𝑇−𝜏𝜏]. However, they should be scaled to zero mean and unit variance for 

fair weighting of variables [79]. The database can be represented as a series of vectors, with a 

corresponding time index.  

Simplex projection: From the query embedding, find b-nearest neighbors similar to the query in 

the attractor space, evolve forward the neighbors in time, and compute a weighted average of the 

time evolution for each of the observation variables, shown in Equation (4.8): 

 
𝑥𝑥�𝑟𝑟+ℎ =

�∑ 𝑤𝑤𝑖𝑖(𝑠𝑠)𝑏𝑏
𝑖𝑖=1 𝑥𝑥𝑛𝑛(𝑟𝑟,𝑖𝑖)+ℎ�
∑ 𝑤𝑤𝑖𝑖(𝑠𝑠)𝑏𝑏
𝑖𝑖=1

 

 

(4.8) 

This method is nonlinear when weightings are incorporated in the prediction are exponential. The 

weightings are computed using Equation (4.9). Note if theta value (𝜃𝜃) is zero, all points are 

weighted equally, and a high 𝜃𝜃 represents more weighting on the nearest neighbor. 

 
𝑤𝑤𝑖𝑖(𝑠𝑠) = exp (−𝜃𝜃

𝑑𝑑𝑑𝑑𝑠𝑠𝑡𝑡�𝑥𝑥𝑟𝑟, 𝑥𝑥𝑛𝑛(𝑟𝑟,𝑖𝑖)�
𝑑𝑑𝑑𝑑𝑠𝑠𝑡𝑡(𝑥𝑥𝑟𝑟, 𝑥𝑥𝑛𝑛(𝑟𝑟,1)

) 

 

(4.9) 
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4.4.2 Predicting turbulence dynamics using dynamic models 

The dataset is modified slightly for prediction of flow dynamics. From the raw data, the RMS and 

flowrate for period per minute is aligned. The RMS acoustics is now embedded as state vectors. 

Evident outliers are removed from the data. Our training database for the March data is the first 5 

days (~6000 minutes), and the test data consists of embeddings generated from the final day. For 

the embeddings, the delay period is 3 minutes from MAI and autocorrelation analysis. The 

embedding dimension is found via FNN to be 4.  We follow the simplex projection to find the 

closest points using 5 nearest neighbors and forecast trajectory matching the test query. Note we 

only predict ONE time-step ahead: all predictions are put together into a single plot. We assume 

that we have a history of the observations before predicting the next value.  

4.4.3 Manifold learning using deep local method (DLM) 

We utilize a method, termed “deep local method” (DLM) or AE-EDM, that utilizes the noise 

performance and feature learning of the autoencoders, again using the constraints of sparsity or 

compression to prevent an identity reconstruction. The state space vectors are embedded again into 

a feature space learned to reconstruct robust variations of the vector.  

Algorithm: 

1) Perform state space reconstruction on the dataset. For multivariate embeddings, 

standardization is required. 

2) From the state space vectors, train unsupervised using autoencoder. We now have a feature 

representation of the state space. 

3) For simplex projection, we work on the feature space of the encoder output, and find 

nearest neighbors.  
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4) Compute the weighted values and trajectories as per EDM models using simplex projection 

equations. 

When using the 9 channel information, we use the extension given, to form the multivariate 

attractor: 𝑉𝑉(𝑡𝑡) =  [𝑥𝑥1𝑇𝑇 , 𝑥𝑥2𝑇𝑇 , . . 𝑥𝑥9𝑇𝑇 , 𝑥𝑥1𝑇𝑇−1, 𝑥𝑥2𝑇𝑇−1]. The corresponding value to be predicted is the 

acoustics from Channel 4. The indices of the nearest neighbors are computed, and the time index 

corresponding to the future value of the acoustic is used to generate a prediction from the simplex 

projection equations. The algorithm was run with different values of theta to determine the non-

linearity of the prediction. The effect of nonlinearity parameter theta (𝜃𝜃) on different feature space 

searches, and effect of network size is investigated.  

 Spatio-temporal predictions from acoustics 

Results for spatio-temporal predictions using EDM and DLM is shown in Table 8 and Figure 4.11. 

The size of the encoding space was varied to minimize the MSE. It was found that a sizeable 

increase in the feature space could reduce error, at the cost of search time. The deep local method 

with size 300 was found to minimize the error. In Table 9 and Figure 4.12, a LSTM of 256 units 

with a fully-connected MLP was also able to predict the flows using the history, with a time-step 

of 10 lags. This shows that unlike the flow estimation in Chapter 3, the features for prediction is 

possible to learn from the acoustics. However, since the accuracy of the EDM method using 5 

nearest neighbors (NN) was higher, we omit using the LSTM for other dynamic reconstructions.   
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Table 8. Acoustic prediction using Channel 1-9, March 1-7 

MSE (EDM) P-Value MAPE MSE  (DLM-

300) 

P-value MAPE 

4.260e-6 ( 𝜃𝜃  = 

0) 

0.0844 5.0332 3.798e-6 ( 𝜃𝜃  = 

0) 

0.0856 4.7273 

4.233e-6 ( 𝜃𝜃  = 

6) 

0.0838     4.9961 3.785e-6    𝜃𝜃 = 

1) 

0.0853 4.6863 

 

 

Figure 4.11: Acoustic Predictions using EDM and DLM. 
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Table 9. Acoustic prediction using Channel 1-9, LSTM 

Algorithm MSE P-value MAPE 

LSTM 6.8672e-06 0.1257 8.5810 

 

 

Figure 4.12: Acoustic Predictions using LSTM 
 

4.5.1 Spatio-temporal prediction on the January dataset 

We perform predictions of the acoustics using all 9 channels for the January dataset, shown in 

Table 10 and Figure 4.13. The data is comprised of the first 30k samples, which is approximately 

23 days of data. A value of RMS that is more pertinent to flow dynamics can be computed with 

Parseval’s theorem using frequencies up to 1kHz, such as 𝑅𝑅𝑀𝑀𝑆𝑆 =  ∑ 𝑎𝑎𝑖𝑖1000
𝑖𝑖=1 , where 𝑎𝑎𝑖𝑖 represent 

the squared spectrogram coefficients in the given time window. We can see that the predictions 

are highly matching with the true values, as shown by the low P-value. This confirms that dynamics 

can be modelled for this pipeline, however, it is highly dependent on the dataset in the training. 
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Table 10. Acoustic prediction using Channel 1-9, January 1-30 

MSE (EDM) P-Value MAPE MSE (DLM-

300) 

P-value MAPE 

7.711e-8 (𝜃𝜃 = 0) 0.0401 8.7366 6.886e-8 ( 𝜃𝜃  = 

0) 

0.0358 8.0818 

7.644-8 (𝜃𝜃 =3) 0.0398 8.6897 6.733e-8 ( 𝜃𝜃  = 

1) 

0.0349 8.0001 

 

 

Figure 4.13: Spatio-temporal prediction of January 
 

4.5.2 Effect of feature transformation on prediction 

An interesting observation is shown in Table 11 and Figure 4.14: the effect of increasing the 

network size, which is equivalent to the feature space. If using an overcomplete representation 

size, the MSE can be decreased slightly for the prediction error of spatio-temporal acoustics. 

However, the search space increases further, although this can be alleviated with approximate 
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search techniques [56]. We note here the differences in the best theta and adjacent values of theta 

is very small. 

Table 11. Effect of network size and theta on DLM using March dataset 

Network size Best 𝜽𝜽 MSE*10-6 (DLM) P-Value 

5 0 5.891 0.1362 

15 1 4.321 0.0955 

25 2 4.190 0.0949 

50 2 4.250     0.0963     

100 2 4.183     0.0947     

200 2 3.965     0.0895     

300 1 3.785 0.0853 

 

 

Figure 4.14: Effect of network size on prediction of spatio-temporal dynamics of 
flow-acoustics. 
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4.5.3 Acoustic predictions using Channel 4 

A single channel (Channel 4) was used for the local predictions to see if dynamics could be 

modelled from EDM. Results are shown in Table 12 and Figure 4.15. Compared to spatio-temporal 

predictions of Channel 4 using all 9-channel information, the prediction error is smaller. We 

suspect that different spatio-temporal dynamics and noise are affecting the result, as shown by 

recurrence plot analysis. 

Table 12. Prediction of Acoustics using March dataset, training 1-6k, testing 6k-8k 

Ch 4 State 

space: 𝜽𝜽  

MSE (EDM) P-Value MAPE MSE  

(DLM-300) 

P-Value MAPE 

0 2.515e-7 0.0053 0.9359 4.441e-6 0.0987 4.8018 

4 1.906e-7 0.0040 0.8106 3.785e-6 0.0853     4.3077 

 

 

Figure 4.15: Acoustic Predictions for March dataset 
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4.5.4 Acoustic prediction using January dataset 

The FNN and MAI also produced similar estimates of the dimension m=4 and delay of 3 compared 

to the March dataset. From the results of prediction in Figure 4.16, Table 13 and a smaller subset 

in Table 14, evidence of large acoustic behavioural changes are present in the acoustic data. 

However, the predictability of the dynamics is still high, as the embeddings still falls within the 

same neighborhood. 

Table 13. Prediction of Acoustics using January dataset, training 1-30k, testing 30k-39k 

Ch 4 State 

space: 𝜽𝜽  

MSE (EDM) P-Value MAPE MSE  

(DLM-300) 

P-Value MAPE 

0 3.513e-9 0.0018 1.5302 1.218e-7 0.00641 10.878 

Table 14. Prediction of Acoustics using January dataset, training 1-15k, testing 15k-20k 

Ch 4 State 

space: 𝜽𝜽  

MSE (EDM) P-Value MAPE MSE 

(DLM-300) 

P-Value MAPE 

3 3.227e-9 0.0027 1.6508 4.533e-9 0.0041 3.9282 

 

 

Figure 4.16: Acoustic Predictions for January dataset 
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4.5.5 Acoustic Prediction using BC dataset 

Results for BC prediction is shown in Table 15 and Figure 4.17. The accuracy of prediction is 

consistent with the other datasets, although the timespan is quite short. This may be alleviated with 

more data to create a dense manifold, as the method accuracy is based on the available data and 

the ability to embed dynamics from the time series. 

Table 15. Prediction of Acoustics using BC dataset 

Ch 4 State 

space: 𝜽𝜽  

MSE 

(EDM) 

P-Value MAPE MSE 

(DLM-300) 

P-Value MAPE 

3  1.031e-9 0.0122 3.1453 1.2239e-05 0.5662 13.6373 

 

 

Figure 4.17: Acoustic Predictions for BC dataset 
 

 Prediction of flow dynamics  

Since the acoustics is affected by the fluid parameters as well as the turbulence, the prediction 

using only the flowrate is performed as a comparison. Additionally, predicting the flowrate 

dynamics to identify system changes will be less prone to disturbances from the acoustics. The 

theory of EDM claims that the prediction error for the query will increase if the current dynamics 
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are not seen in the training dataset. However, once the behaviour returns to the same manifold 

points, then it can be predicted. 

To avoid acoustic error propagations, the flow predictions are using the measured value, and not 

per-channel estimates. The effect of using different time delays to generate an embedding is 

reported in Table 16. We choose the model with the lowest prediction error. It is shown that using 

a delay of 3 improved the predictions. Effect of the theta value is shown in Table 17. The results 

from Table 17 also suggest a high value of theta (higher nonlinearity parameter for simplex 

projection) is required to model the flow. If the prediction error continually decreases with theta, 

then the lowest error will come from giving full weight to the nearest neighbor, and ignore the 

neighborhood. Thus, simplex projection is calculated using one neighbor. Figure 4.18 shows the 

output of flow predictions for March. From this figure and comparing the estimates to the actual 

measured flows, there are very little deviations in the predicted flows. This suggests the March 

test dataset exhibits similarities in dynamics compared to the training set. 

Table 16. Effect of time delay on prediction error of flowrate 

Delay MSE (EDM) at 𝜽𝜽 = 6 P-value 

1 0.5525 0.0139 

2 3.5343 0.0978 

3 0.5389  0.0136 

4 4.6378 0.1307 

5 6.2995 0.1749 
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Table 17. Effect of theta on prediction error of flowrate 

Flow State 

space: 𝜽𝜽  

MSE (EDM) P-Value MSE (DLM-

100) 

P-Value 

0 0.6777 0.016 0.7205 0.0176     

1 0.6112 0.0147 0.6401 0.0159     

2 0.5779 0.0141 0.6027 0.0152     

3 0.5775 0.0138 0.5786 0.0147     

4 0.5457 0.0136 0.5630 0.0143     

5 0.5403 0.0136 0.5531 0.0142     

6 0.5391 0.0136 0.5471 0.0141 

 

 

Figure 4.18: Flow predictions using EDM and the DLM with 5 nearest neighbors 
 

4.6.1 Flow predictions for January dataset 

The results for flow prediction for a small subset (First 10 000 samples, roughly equivalent to the 

first week) of January is shown in Table 18 and Figure 4.19.  
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Table 18. Prediction results for January: Flow, training 1- 6k, testing 6k-10k 

Flow State 

space: 𝜽𝜽  

MSE 

(EDM) 

P-Value MAPE MSE 

(DLM-300) 

P-Value MAPE 

0 (1 

neighbor) 

0.9051 0.0591 2.2242 1.6296 0.1012 1.1699 

 

 

Figure 4.19: Prediction results for January subset 1 
 

Flow is predictable using previous flow states. However, there are large deviation in dynamical 

patterns that can be seen, for example, after 1000 testing samples in Figure 4.19, the behaviour 

changes.  

Table 19 and Figure 4.20 depict the predictions using the entire month of January. For this test, 

the flow dynamics is relatively predictable for a long duration. At approximately 15000 test 

samples in Figure 4.20, the flow embedding is not seen in the dataset. These results may be used 

to explain Chapter 3’s flow estimates using acoustics: the patterns of flow in the test data are not 

well-represented in the training dataset. 
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Table 19. Prediction results for January: Flow, training 1-20k, testing 20k-39k 

Flow State 

space: 𝜽𝜽 

MSE 

(EDM) 

P-Value MAPE MSE 

(DLM-100) 

P-Value MAPE 

0 (1 

neighbor) 

1.4827 0.0100 1.0785 1.4744 0.0098 1.1424 

 

 

Figure 4.20: Prediction results for January subset 2 
 

4.6.2 Flow predictions for the BC dataset 

Table 20 and Figure 4.21 depict the results for the BC dataset. The flow prediction can be predicted 

to a certain time using state-space embedding. It was found that the accuracy increased with theta, 

so one neighbor was used. For this dataset, we use the first 600 values of the flow, and predict for 

the next 300. In Figure 4.21 around sample 120 when the flowrate decreases greatly, it is not 

predicted due to the dynamic trajectory being absent from the training data. The potential usage of 

prediction in pipeline monitoring is shown here: if the predicted values are shown to differ by a 

large margin, then a reassessment of the learned model is needed. 
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Table 20. Prediction results for BC dataset: Flow 

Flow State 

space: 𝜽𝜽  

MSE 

(EDM) 

P-Value 

(EDM) 

MAPE MSE 

(DLM-300) 

P-Value MAPE 

0 (1 

neighbor) 

1605.0 0.0530 1.2311 1125.6 0.0671 0.8549 

 

 

Figure 4.21: Flow predictions of the BC dataset 
 

 Discussion 

Turbulent flow behaviour in pipelines is investigated by analyzing spatial acoustic structures that 

represent the flow characteristics. Experimental evolution of the dynamics of turbulence is 

obtained from the acoustic structure and the mean flowrate. Despite the actual non-homogeneity 

of turbulence, the assumption is shown to model similar flows in the spatio-temporal domain. It is 

shown the geometry plays a large role in the general dynamics of turbulence. The small-scale 

structures (frequency bands) are shown to be similar on a larger scale, with differences due to non-

local interaction.  
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Although a LSTM could not learn features for flow estimation from acoustics seen in Chapter 3, 

it could learn and converge to comparable prediction values given previous acoustic inputs. This 

suggests the input space is important for deep models. From dynamics theory, a delay embedding 

of the state space is shown to model the acoustic features of turbulence. The spatio-temporal effect 

of turbulent flows is predicted from nonlinear models and compared with measured data. The 

homogeneity of flows can be used to generate spatio-temporal reconstructions to approximate the 

dynamics. Although the spatio-temporal map of the flow can be used for prediction, the state space 

differs slightly from a single channel reconstruction. This is due to local instabilities of turbulence 

generating noisy dynamics [37].  

A temporal dynamical model of the flow using previous flowrate values is shown to be highly 

accurate. Compared with the acoustics, the prediction of flows is accurate due to the acoustic 

response being affected by other parameters such as fluid density. Thus, we speculate the March 

dataset’s final day was highly predictable due to having similar dynamical properties as the 

training data.  

From the observations in this study, spatial interactions in fluids due to non-homogeneity and 

anisotropy is significant to the understanding of turbulent flows. Due to some non-homogeneity 

with distance, multiple channels may be of greater benefit in flow estimation models.  It is a future 

suggestion for acoustic and visual analysis to advance the observations made. We note that most 

visual analysis in a pipe is done on small-scale interactions compared to acoustics. The 

experimental analysis and observations may help further understanding of turbulent pipe flows, by 

providing an indirect measurement at large spatial scales when it is impractical to visualize the 

turbulent structures experimentally. The DLM has shown to generate different feature space 

compared to the original attractor in terms of results from the nearest neighbor search. However, 



90 

 

the method seems to work well for noise reconstructions, and may perform better, as shown by 

reconstruction of spatio-temporal dynamics from all 9 channels. Further investigation should be 

conducted regarding the type of noise and circumstances where DLM could be useful.  

Since the acoustic behaviour was analyzed from a relatively short pipe length, it is future work to 

investigate the long-term topology of flows over an extremely large distance where frictional 

effects may affect the turbulent structure, and operational constraints may increase the transient 

time between flow changes.    

Chapter 5.  Conclusion 

The focus on pipeline monitoring techniques and the big data challenges that industry face is 

explored by using deep learning and data-centric techniques for noise suppression, feature 

extraction and modelling. The flow-acoustic correlation was studied in detail. This work was 

shown to be of significant interest to industrial partners, as a patent application and conference 

publication for flow estimation with Hifi Engineering Inc was a direct contribution from the 

results.   

In Chapter 3, a simplified physical model was developed from aeroacoustic and fluid dynamic 

principles. This model was used to clarify the conditions that a machine learning model could 

operate on the acoustic data. From our experiments, the frequency domain based approach on a 

single channel measurement was sufficient to find an estimate for the flow velocity. The noise 

suppression and robust feature learning of deep learning techniques (AE-MLP) was used to obtain 

accurate estimates. Other methods, such as LSTM’s and RBF networks, were unable to learn 

features required for flow estimation. The method was experimentally verified on pipeline data. It 

was shown that the accuracy of the estimate depends on the fluid parameters being similar to the 

training data in time.  
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In Chapter 4, the spatial dynamics of flow was modelled from the acoustics. To study the spatial 

structure of turbulent flows, the estimates for the flow velocity from each channel was used to 

visualize a spatial reconstruction of the flow. Phase space reconstructions using the data-centric 

method of Takens delay embedding and Empirical Dynamic Modelling (EDM) was used to model 

flow-acoustic dynamics. A predictive model using EDM was used to predict the values of acoustic 

RMS and flow. From the viewpoint of turbulence behaviour being captured in the acoustics, 

evidence shows that turbulent flows are predictable from the acoustics. These findings may lead 

to more research in understanding features of turbulence from acoustics. A deep local method 

(DLM) based on the autoencoder’s feature extractions was proposed to handle noisy and higher 

dimensional data. The DLM was shown to improve prediction accuracy for the spatial acoustic-

flow dynamics, at the cost of additional processing time. However, it is noted that the search time 

could be reduced if the embedding dimension and multivariate space is large and the feature space 

is lower dimensional. Additional work on feature space selection should be conducted.  

 Applications, Limitations and Recommendations for future work 

The applicability of the findings is briefly discussed here. One way to apply the flow measurements 

to a pipeline monitoring system is to monitor a selected spatial area for flow changes. It is likely 

to use fiber-optics for measuring flowrates in between conventional flowmeters. In a real 

implementation for some pipeline monitoring system, a flow estimate using acoustics could be 

incorporated as a complementary technique to acoustic detection. The flow models, including the 

estimates and dynamics prediction models, would be less prone to “false alarms” due to acoustic 

disturbances and be more focused on the system flow operation. Another improvement to the 

models could be suggested via multiple model switching and online learning when flow parameters 

change. If we use the dynamics approach, when the predictability starts to deviate from the true 
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acoustics, then this is a warning that the system dynamics is changing outside of our known 

database. This would signify that the system is disturbed in some way. Evidence from the results 

show applicability to transitional periods where the flow is changing.  

However, due to the rate of data collection, the dataset size would be a significant problem when 

searching using any local method for prediction. An extension such as approximate neighbors 

searching may be useful. The deep local method is still applicable since the feature learning is 

trained using a fixed subset of the database, although more work is required to understand why 

and the circumstances where these learned features are more suitable. However, it is future work 

to see if an optimal feature space changes dynamically in turbulent flows.  

The nature of using data-driven system models means the accuracies are dependent on the 

parameters of the pipe, fluid and the noise level in the data. The density and fluid type should be 

similar, and corresponding flowrates should be seen in the training data for higher accuracy. 

However, the density, temperature and fluid information could be used as inputs to the model for 

improved estimation of flows. Although the strain, temperature is measurable from the fiber-optic 

sensors, other parameters are not directly available. It may be possible to identify the density and 

fluid type from the acoustics. Finally, acoustic parameters outside of amplitude and frequency used 

in this work, such as the propagation speed may be relevant.  
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Appendix A. Dynamic reconstruction tests on Lorenz dataset with noise 

As our dataset inherently contains noise, we attempt to verify if the EDM methods are predictable 

with noise, and if the autoencoder for DLM provides robust feature space for noisy manifolds. We 

find that for the Lorenz dataset, there is little to no loss of accuracy when predicting in another 

feature space such as one learned by the autoencoder.  

The performance when subjected to increased noise is tested. We obtain results for a Lorenz map, 

with noise added equal to a percentage of the RMS value. Results show that both methods 

reconstruct the state space when noise is added. However, the error increases with noise. A sparse 

over-complete representation of the embedding was used [10] as features. We also note that unlike 

the EDM method at no noise, the autoencoder embedding is learned, not deterministic. Thus, we 

utilize 5 runs of the autoencoder embedding on the same dataset for results. Note that the value of 

theta may change due to the feature transformation, so it is computed for each noise level in the 

deep network. We assume the EDM method has no feature change, so it is computed at = 1 . For 

the Lorenz dataset, we find feature comparison using 𝜃𝜃 = 2 will minimize the MSE in prediction 

of Deep local network at higher noises. We use a network of 100, although it is entirely possible 

to use a different size depending on the noise. 
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Table 21. Effect of noise on prediction error using EDM and DLM 

Noise 

level 

(AWGN) 

MSE (EDM, 

𝜽𝜽 = 1) 

P-value 

(EDM) 

MSE 

(DLM, 𝜽𝜽  = 

2) 

P-value 

(DLM) 

0 0.000357 0.2529e-05 0.0115 (𝜃𝜃  = 

0) 

8.22e-05 

0.001 0.000411 0.2919e-05 0.0116 (𝜃𝜃  = 

0) 

8.31e-04 

0.01 0.0028 2.14e-05 0.0060 (𝜃𝜃  = 

0) 

5.08e-05 

0.1 0.0448 3.17e-04 0.0408 2.88e-04 

0.2 0.1133 7.70e-04 0.1043 7.05e-04 

0.3 0.1972 0.0013 0.1978 0.0013 

0.4 0.2982 0.0018 0.2921 0.0017 

0.5 0.4364 0.0024 0.4221 0.0023 

1 1.2239 0.0039 1.185  0.0047 
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Figure A.1: Predictions of the Lorenz dataset using EDM and DLM at 
increasing levels of noise. 
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