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THE HILBERT-HUANG TRANSFORM: A THEORETICAL
FRAMEWORK AND APPLICATIONS TO LEAK
IDENTIFICATION IN PRESSURIZED
SPACE MODULES

By Kenneth Richard Bundy

Thesis Co-Advisors: Ali Abedi and Andrew Knightly

An Abstract of the Thesis Presented
in Partial Fulfillment of the Requirements for the
Degree of Master of Arts
(in Mathematics)
August 2018

Any manned space mission must provide breathable air to its crew. For this
reason, air leaks in spacecraft pose a danger to the mission and any astronauts on
board. The thesis examines the research in air leak detection, localization, and
identification. Three methods for leak type identification are suggested. The
methods are based on the Fourier Transform, Hilbert-Huang Transform, and
Artificial Neural Networks, respectively.

In addition to the leak detection, open questions surrounding the Hilbert-Huang
Transform are addressed. Specifically, it is shown that with an additional
assumption, the transform’s sifting process converges uniformly. From here, it is
concluded that an appropriate stopping criterion yields a (non-unique) Intrinsic
Mode Function (an oscillating function centered at zero), and that the sifting
process always yields a decomposition of the input function into finitely many pieces.

These results together provide more bricks in the transform’s theoretical foundation.
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CHAPTER 1

INTRODUCTION

1.1 THE PROBLEM

Space travel poses certain inherent dangers. Due to the harsh environment, the
spacecraft crew are dependent on life support systems for their survival. These
systems must therefore have a high level of reliability. Among these systems is the
maintenance of breathable air and cabin pressure. This system is at risk from air
leaks; a means of detecting and localizing these leaks for repair is therefore
necessary.

Air leaks in pressurized space vehicles can come from two main sources. The
first is ordinary wear and tear. For example, a 2003 air leak was found in a section
of rubber tubing that supplied air to the station; this was from wear and tear as
astronauts held it to look out the window][1].

The second source of air leaks is Micrometeorites and Orbital Debris (MMOD).
These are small objects that are orbiting earth; they can be natural or man-made,
however most are from the latter category. Due to their high orbital velocities, they
pose a significant threat to orbital vehicles. NASA tracks many pieces of orbital
debris, but there are many that are too small to track, and may puncture the hull of
a space vehicle |2].

The current leak detection systems rely on detecting a drop in cabin pressure.
This process is slow and does nothing to determine the location of the air leak. On
the ISS, modules may need to be closed in order to determine the location of the
leak in this manner. This is certainly not an ideal system [1].

Other methods include the use of a hand held device for leak scanning [1]. These

devices consist of an ultrasonic microphone, signal processing hardware, and a



headset. The input from the microphone is shifted into the audible range, which
allows the operator to locate the leak by sweeping the station manually. This
process is very time consuming and poses a significant drain on crew time and

resources. For this reason, it has been deemed suboptimal by NASA [1].

1.2 PROPOSED SOLUTION

It was in developing methods for leak identification and localization that I first
came across the Hilbert-Huang Transform. Since air leaks are comprised largely of
turbulent flow, analyzing recordings of their acoustics can be difficult. While Fourier
Transforms offered some promising results, the waveforms were very chaotic and we
sought a better method. This lead to the Hilbert-Huang Transform, which is a
signal processing methodology for poorly behaved signals.

While the Hilbert-Huang Transform is a relatively new methodology, and its
theoretical framework in not yet established. This work addresses both the
mathematical underpinnings of the Hilbert-Huang Transform, and the leak
identification work that inspired them.

Leaks produce noise that is basically turbulent flow; it is a highly random
pattern that is not necessarily ‘stationary’ in the sense of a stochastic process. For
this reason, Fourier Transform and Wavelet based methods may not offer good
results when used on audio recordings of air leaks. The Hilbert-Huang Transform is
well suited to these kinds of signals.

However, there are some issues with the Hilbert Huang transform. For instance,
there is no universally accepted theoretical framework for this transform.
Furthermore, the transform requires that one choose upper and lower bounding
functions, called envelopes, that are not uniquely defined. This leads to some debate
about the best way to carry out the transform. Also, there has not yet been any

proof that the iterative process defining the Hilbert-Huang Transform (HHT)



(a) Handheld Leak detection system. (b) UMaine’s WLD System, Dimensions
18cm by 13cm by 7cm.

Figure 1.1: A previously used leak detection system (a) and the University of Maine’s
Wireless Leak Detector (b) tested on the International Space Station in 2017.

converges to any limit, or that any given stopping condition will be met. In other
words, there is no guarantee of getting a result from the HHT. In practice this is not

an issue as there is strong empirical evidence of its effectiveness.

1.3 SUMMARY OF CONTRIBUTIONS

The work on leak detection has been published in three works at the Wireless
Sensors in Extreme Environments Conference in 2015-2017.

The first presentation was a poster explaining the preliminary approach and
results. It discussed the data collection methods and proposed approach to the
problem. This work was presented before the data set was completely collected, so
no final results were presented |[3].

The second was a paper explaining the results obtained so far from the Fourier
Transform and Hilbert-Huang Transform based approaches. It discussed the data
collection methods in more depth and introduced the Fourier Transform and

Hilbert-Huang Transform methods [4].



The final presentation was a poster outlining the Artificial Neural Network
approach, and the results obtained [5].

Some new results on the Hilbert-Huang Transform are presented here as well.
These results have not yet been published, but are presented here in detail. First,
the process defining the transform converges with some additional assumptions.
Second, the result of the process is the type of function that the inventors of the
function specified. Third, the transform always yields a finite decomposition of the

input function.

1.4 THESIS SUMMARY

Chapter 2 discusses some important background information on air leaks in
pressurized space modules. Then the following sections of the same chapter provide
some background on the three methods proposed in this thesis to solve the leak
identification problem.

Chapter 3 presents mathematical results on the Hilbert-Huang Transform.
While this is not directly related to leak identification, it provides new material
including proofs of convergence and finiteness necessary to guarantee the good
behavior of the transform.

Chapter 4 explains the experimental procedures and the results from the leak
identification problem, and the results of the proposed solutions.

Chapter 5 concludes the work. It also suggests further work to be done in these

areas, both the Hilbert-Huang Transform and the leak identification problem.



CHAPTER 2

BACKGROUND

2.1 INTRODUCTION

This section first presents the air leak problem in pressurized space modules and
its history. It begins with some discussion of air leaks in spacecraft and past
research addressing this concern. Several solutions to the problem are proposed. A
Fourier Transform based method is developed first, then a Hilbert-Huang Transform
based method, and finally an Artificial Neural Network based approach. We explain

each of these in detail below.

2.2 HISTORY

One of the first and most tragic instances of an air leak in a space vehicle was on
the USSR’s Soyuz-11 craft in 1971. Three cosmonauts died as a result of their
re-entry module rapidly losing air pressure after a hatch seal failed [6].

Further issues with air leaks happened in 1991 after an astronaut’s suit was
punctured during a space walk. Fortunately, the hole was small, and within the
tolerance of the system. There was some bruising of the astronaut’s skin near the
leak opening, as the skin was drawn towards the opening [7].

In 2004, and air leak aboard the International Space Station (ISS) nearly lead to
closing a section of the station. After multiple searches of the affected module over
three days, the air leak was found in a rubber hose. The astronauts had been
pulling to to look out the window without drifting away in zero gravity [8].

In 2009, there was a leak of coolant (ammonia) from the external cooling system.
This was repaired by a space walk. The leak is thought to have been caused by an

impact by a piece of orbital debris, but this was never verified [9].



Another happened in 2016; a spacewalk at the ISS was aborted after an
astronaut’s helmet began to leak air into space. Fortunately, the astronaut was able

to re-enter the space station before permanent injury.

2.3 PROPERTIES OF LEAKS

Significant work has already been done to understand the properties of air leaks
at the University of lowa and NASA [10, 11]. NASA performed a thorough search of
existing technologies and found the existing systems did not meet their requirements
[1]. Furthermore, none of the leak detection schemes surveyed determined the
leaking material. In addition to these commercial methods, other leak detection
systems have been proposed. These include structure-borne acoustic leak
localization [11]|, Laguerre Spectral Analysis [12], and Hilbert Spectral Analysis [13].

Spacecraft air leaks differ significantly from those in other applications. Air leaks
in high pressure air lines, for example those used in pneumatic tools, produce sound
from the jet of escaping air. The sounds are audible since the observer is on the low
pressure side of the aperture. Systems on spacecraft must function on the high
pressure side of the leak, as the vacuum or near-vacuum of space does not allow for
the transmission of sound. While spacecraft leaks produce these sounds, they are
not able to be heard inside the spacecraft. As noted in [11], the air leaving the
spacecraft carries the sound with it, since the air escapes faster than the speed of
sound. The leak acoustics which can be heard within the spacecraft come from the
materials surrounding the leak aperture [11], as shown in Figure 2.1.

The frequency of spacecraft air leak acoustics have been shown to fall between
35 and 50 kHz [10]. This frequency band is the primary one for concern in the
research here. The resonant frequency of the material in question can be used in
structure-borne acoustic wave leak detection, as in [11]|, however this will not be the

focus of this work.
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Figure 2.1: The physics of an air leak.

2.4 LEAK LOCALIZATION STRATEGIES

Current technology for the localization of air leaks in spacecraft are slow and
demand significant amounts of crew time [1|. For this reason, the National
Aeronautics and Space Administration (NASA) has identified this as one area of
concern, especially for the International Space Station (ISS).

Various attempts at localization have already been made, using acoustics [10, 14,
12, 13, 15, 16, 17, 18|, structure-borne vibrations [11], visible gas and camera-based
methods [1, 19]. The latter two methods both rely on mounting cameras outside the
pressurized vehicle, and using these to detect leaks. One suggestion is to use
breathable, visible gases between inside layers of the ISS, and use the cameras to see
the plumes of escaping gas. The other method uses the cameras to record impacts
by MMODs.

Other leak detection and identification methods have been proposed in other

contexts, including pneumatics and petroleum pipelines [12, 13, 20].



Another technique relies on a randomized array of sensors that use a Bartlett
beam-former to focus in on a specific direction, and sweep for high energy points in
the approximately 40 kHz range. The system uses many microphones spaced in an
approximately random fashion, and by weighting varying the amplitudes of the
different microphones, a composite signal can be created representing the sound in a
particular direction. These sounds are then analyzed to determine the most likely
leak location [14].

Other leak detection strategies have been developed here at the University of
Maine’s Wireless Sensor Networks (WiSe-Net) Laboratory. This system, the
Wireless Leak Detector (WLD) was sent to the ISS for testing in December of 2016.
This system uses three pairs of ultrasonic microphones spaced within one
half-wavelength of each other to triangulate the leak location. The signals from each
pair of microphones are cross-correlated to determine the time delay of arrival. This
is then used to triangulate the leak. The final localization is done using a Bayesian
Tree-search algorithm or Kalman Filter, as described in [2, 17, 21|.

The Kalman Filter is a standard tool in estimation theory; interested readers
can see [22| for more information. The Bayesian Tree Search algorithm uses Bayes’
Theorem to express the probability that a leak falls in a given region. By using
smaller and smaller subdivisions of the possible leak locations, one can estimate the

true leak location. For more information, see [21].

2.4.1 LEAK IDENTIFICATION STRATEGIES
While these systems and others show promise in localizing leaks, little work has
been done on the identification of the leaking material from its acoustics. To this
end, the focus will be on analyzing the acoustics from a leak rather than its location.
A number of leak identification strategies are used in this work. The first was

the Fourier Transform (using a Fast Fourier Transform, or FFT), Hilbert-Huang



Transform, Principle Component Analysis (PCA), Wavelet Transform Modulus
Maxima (WTMM). The PCA and WTMM were not considered; the results of the
transforms were too similar to one another to be of any practical use in identification
of leaks. For example, all of the test conditions has principle components between
0.18-0.26. This makes determining the leak material very difficult. The WTMM was
used too calculate the Hurst Exponents; those faced a similar problem.

The Fourier Transform and Hilbert-Huang transform were much better, but the
FFT assumes that the signal is periodic. This is not exactly true of turbulent flow.

This means that the HHT is better suited to these signals.

2.5 MATHEMATICAL NOTATION

In this section the notation used in this thesis is defined explicitly. This is meant
to serve as a glossary of notation for the work, and make all of the symbols used in

the discussions to follow explicit.

1 Lebesgue Measure (see [23]).
LP(E) The Lebesgue space; Banach Space of f : E — R with [, [f[Pdu < oo.

The set, of real numbers

C The set of complex numbers

z The complex conjugate of z € C
1! The derivative of f.

f The Fourier transform of f

F[f]  The Fourier Transform of the function f
PV The Cauchy Principal Value
H[f]  The Hilbert Transform of the function f



2.6 FOURIER TRANSFORM

Loosely put, the Fourier Transform is a method for changing a signal from a
function of time, to a function of frequency. This often makes the signal easier to
understand, or shows properties that would otherwise be hidden.

The Fourier Transform is usually computed through the Fast Fourier Transform
(FFT); this is an efficient algorithm for computing the discrete Fourier Transform,
or the analogue of the integral transform used on a data set.

The Fourier transform was developed by Fourier in 1822. Tt was first used to
solve the heat equation in his work " Mémoire sur la propagation de la chaleur dans
les corps solides". Fourier demonstrated that any sufficiently nice function can be
written as a sum (or integral) of sines and cosines. Bernoulli and Euler had
previously shown that certain functions can be written as a linear combination of
sines and cosines, however it was Fourier who showed any (again, sufficiently nice)
function can be written as such. Fourier then used this result to solve the heat
equation [23, 24].

Since then, the Fourier Transform has grown to prominence in signal processing
and mathematics. It has been generalized to other spaces beyond continuous,
integrable functions to groups and distributions. Also, numerous computational

methods have been developed to implement the Fourier Transform.

2.6.1 DEFINITION

The Fourier Transform, mathematically speaking, involves a writing a given
functions in LP(F) in terms of the Fourier basis. The Fourier basis is comprised of
sines and cosines with different frequencies, and the constant one. Expressing a
function in this way lets us understand it better a difficult to analyze function can

be written as a combination of well understood pieces.

10



To define the Fourier Transform formally, let f € L'(R) N L*(R). We will denote

the Lebesgue measure as p. The Fourier transform of f is

ﬂm:éﬂmfmm (2.1)

where 7 is a real number. Conversely, the Fourier Inversion Formula states f can be
written as
@) = 5= [ Foey 2.2

This is the general definition of the Transform. While entire books have been
written on the Fourier Transform, a only few of the pieces needed later on in the
work are covered here.

A useful result regarding the Fourier Transform is Parseval’s Theorem. It will be
stated here without proof. Interested readers can see [25|. Continuing with the

notation above, let g € L?(R), then

/R f(x)g(z)dp = /R Fm)a(n)dp (2.3)

Plancherel’s Theorem is a corollary of this, which states that the L? norm of a
function is equal to the L? norm of its Fourier Transform.

While there is a very rich mathematical theory surrounding the Fourier
Transform, its most common modern application likely lies in signal processing.
Due to the ease of calculating the discrete Fourier transform, it is often one of the

first tools used on a time series to better understand it.

2.7 THE HILBERT HUANG TRANSFORM

In recent years, the Hilbert-Huang Transform has seen a lot of use in the area of
signal processing. The transform is based on dividing a signal (time series) into
separate varying components called Intrinsic Mode Functions (IMF). While there

are many useful tools for looking at time series in this way, the HHT is unique in

11



that the transformation works well for many data sets where other transformations
are not applicable.

The Fourier Transform, as implemented on most software systems, assumes that
the data is periodic. One common issue with this assumption comes when there is
an underlying trend to the data (increase or decrease in the ’center’ of the signal
over time). The Fourier Transform is theoretically defined for any square integrable
function, there are computational issues in practice. For instance, a Fourier
transform of a dataset with a trend may offer a poor reconstruction of the original
signal when inverting the transform. This is due to truncating the Fourier Series
(which should be infinite) too soon; that is a finite number of Fourier Coefficients
my offer a poor representation of our data.

While the HHT has enjoyed solid empirical demonstrations of its effectiveness, it
still lacks a solid theoretical framework on which to rest its case [26]. It has been
applied to everything from climate data, global positioning systems, tidal models,
and in this work, air leak detection in pressurized spacecraft. Part of the work in
this thesis is to further develop the theoretical underpinnings of the transform, and
to provide an example of its applications.

The HHT was developed by Norden Huang et al in 1992 |26, 27|. This
transformation has been expanded and tweaked over a number of years since. After
the transform gained some notoriety after demonstrations of its effectiveness.
Hypothesis testing for the the results of the transform was developed in 1996 [26].
The Hilbert Transform, used in the HHT, was developed much earlier by David
Hilbert in 1905 to answer a problem known today as the Riemann-Hilbert problem
[28].

Work has also been done on the theoretical basis of the transformation, but as
yet there is no widely accepted interpretation of the HHT [26]. Researchers at

NASA have done some work in developing a theoretical background for the HHT.

12



They have succeeded in proving that the highest frequency components are
extracted from the input signal first. They have proved that the function Empirical
Mode Decomposition (EMD) sifting process converges for a modified version of the
HHT; they rely on dividing the results by increasing powers of two while performing
the algorithm. This and other results can be found in [27].

Nonetheless, we will take the theoretical framework in another direction be
starting from the beginning of the transform, and also address notions of uniqueness
of the limiting functions, and some practical considerations for implementing the

transformation.

2.7.1 DEFINITION OF THE HILBERT-HUANG TRANSFORM
The Hilbert-Huang Transform is a data analysis methodology with two main

parts [26]:

e FEmpirical Mode Decomposition: Also called the sifting process, this is a tool
for breaking the input data or input function into a special class of functions

for which the Hilbert Transform (step two) is physically meaningful.

o Hilbert Spectral Analysis: This step uses the Hilbert Transform to extract the

frequency information from the signal.

We will proceed to describe these two parts in depth. The goal of the transform
is to extract information about the frequency content of the signal as it changes over
time. The HHT serves the same purpose as the Fourier Transform, but it may be

applied to a wider range of functions and data sets.

2.7.1.1 EMPIRICAL MODE DECOMPOSITION
The goal of the EMD process is to break the data into a series of Intrinsic Mode
Functions. IMFs can be thought of as generalized oscillatory modes of a system,

except with non-constant frequency and amplitude. These are a class of functions
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for which the Hilbert Transform is physically meaningful. Norden Huang, the

inventor of the HHT, wrote [26]:

“An IMF represents a simple oscillatory mode as a counterpart to the
simple harmonic function, but it is much more general: instead of
constant amplitude and frequency, as in a simple harmonic component,
the IMF can have a variable amplitude and frequency as functions of

time.”

Here it is necessary to establish some useful notation and running assumptions.
First, assume that f : F — R is a continuously differentiable function n extreme
values for 2 < n < co. This will allow us to define the upper and lower envelopes of

f, called U(x) and L(z) respectively. These are needed to formally define an IMF.

Definition 1 (Upper Envelope). The upper envelope of f(x), denoted in this work

as U(x) : E — R, is defined as a function which satisfies:

o U(x) > f(x) for all x in the domain of f,

o U(x) = f(x) if and only if x is a local or absolute mazimum of f,

U(z) € CYE) , and

if |[fI < M for some M € R, then |U(x)| < M. It is worth noting that not all

authors use this final piece of the definition.
A lower envelope is defined in an analogous way, as follows:

Definition 2 (Lower Envelope). The lower envelope of f(x), denoted in this work

as L(z) : E — R, is defined as a function which satisfies:

o L(z) < f(x) for all x in the domain of f,

o L(x) = f(x) if and only if x is a local or absolute minimum of f,
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e L(z) € C(E) is smooth, and finally

o if |fI| <M for some M € R, then |L(x)| < M.

Example of Envelopes in the Sifting Process

Input Function

6 | — — Upper Envelope
— — Lower Envelope
-------- Mean of Envelopes

0 0.2 0.4 0.6 0.8 1

Figure 2.2: An example of envelope functions and their mean.

While this defines of the envelopes, this tells us nothing of how to create such a
function explicitly. Typically, this is done using cubic splines as they are convenient
to implement on a computer. It is also worth noting that there are many suitable
envelopes of a given function, and that relaxing the requirements of smoothness of
respecting bounds on f can increase the number of suitable functions further. An
example of these functions can be found in Figure 2.2.

With some understanding of an envelope of a function, it is now possible to

formally define an IMF.
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Definition 3 (Intrinsic Mode Function). An IMF is a bounded, continuously

differentiable function satisfying:

1. The number of local extrema (minimum or mazimum) and the number of zero

crossings are equal or differ by at most one, and

2. The mean of the upper and lower envelopes of the function are zero.

The first criterion requires that the number of minimums and maximums
together must be close to the number of times the function changes from negative to
positive. The second criterion in the definition is intended to insure the function be

centered around the zero; its graph should fall on both sides of the z-axis.

Definition 4 (Empirical Mode Decomposition). The Empirical Mode
Decomposition process is an iterative algorithm. The result of the k-th iteration of

the EMD process is denoted fi., with fi1 = f. The algorithm s as follows:

1. Draw the envelope functions of fx, Ur(x) and Li(x),

2. Find the mean of the envelope functions, denoted my(x). This is calculated as:

(2.4)

3. Define fri1 = fro —my = f1 — Z?ﬂ m;

4. Repeat the process from step 1 with fry1 until the desired stopping criterion is

met.

5. If the stopping criteria is met, then set

J
¢ = frt1 and ri=f— Zcz- (2.5)

i=1

where c; s the jth IMF, and r; is the remainder. Now, if r; has at least two
extreme values, start the process again from step 1 with r;. Otherwise, output

C1,C2, ..., Cj and 1.
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Input function f(z), set j=1

‘ Set k=1 ’
1)
Find Uy(z) and Lg(z) k=k+1

1
L (2)+Uk (z)
2

my(z) =

1)

fr1(2) = fu(x) —mu(2)

Is the Stopping
Criterion met?

L4 qym $50001 SUIPIQ oYY JIRISNY

Set ¢j(z) = frt1(x)
1
Set ;(2) = f(2) = o ¢(2)

Can we Ex-
tract more

IMF's from r;?

Yes

No

Process Completed

Figure 2.3: The block diagram of the Empirical Mode Decomposition process.
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Figure 2.4: Example output of the EMD process.

This process yields a series of IMFs and a single remainder function, which will
have at most one extreme value. A flow chart of the EMD process can be found in
Figure 2.3.

Now, it is important to define the stopping criterion for the sifting process. It
will be shown later that the my converge to zero uniformly in R; it is necessary to
stop this sifting process in order to extract an IMF. For a discrete-time time series
with domain [0, 7], the original criterion proposed by Huang et al. suggests

stopping when SD; < K, for

5y — Shalmst) = mfo) )
> im0 Mi—1(t)?

where K is a positive real number. A good value for K has been shown empirically
to be 0.2-0.4 [26]. This means that the my, are sufficiently small to allow f; to be an
IMF or very near one. However, this does not include the definition of IMF in the
stopping criterion, so other methods have been introduced.

Another possible stopping criterion is the S-number: If the number of zero
crossings and extrema do not change for S successive siftings, stop the process. A

good range for S has been shown to be 4 to 8, with 6 showing the best results for
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most datasets [26]. However there has been some empirical evidence of different S

numbers offering different decompositions of the input dataset.

2.7.1.2 HILBERT SPECTRAL ANALYSIS

The name ’Hilbert Spectral Analysis’ hints at the purpose of this step of the
HHT: to analyze the frequency content of the data. If the dependent variable is
time, then the transformed data is the frequency spectrum. In other cases, the
spectrum my have another meaning, but this depends on the application of the
transform.

The goal here is to extract the frequency content of the signal. While there are
multiple ways of doing this, the HHT is unique in that it does it in a way that is as
tailored to the function as possible. We therefore move our function in to the
complex plane to extract the argument. After this, the resulting function for the
argument is differentiated, and a frequency representation is obtained.

We would like to find a complex analytic function whose real part, evaluated
along the real axis, corresponds with our real valued function. If such a function
exists, one can extract the argument, and hence, a frequency representation of our
input signal. This can be done with the Hilbert Transform [25, 29].

In order to do this, we need to first define the Cauchy Principal Value of an
integral. Let f(z) a functions with a singularity at the point z = b, with a < b < c.

Then
b—e¢

PV/ f(z)dx = hm f(z)dz + ) f(z)dz (2.7)

a b+e

The Cauchy Principal value is used for getting values of integrals that would
otherwise be out of reach. For i<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>