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Abstract

Molecular communication (MC) is a relatively new type of communication which makes use of
particles to transmit information. The movement towards particle transfer is appealing as it broad-
ens the range of what we can communicate through (more) efficiently, such as porous mediums.
The applications of MC systems are vast, ranging from medical treatments to industrial problems.
In this thesis, we combine fluid mechanics and communication theory with the aim to understand
MC in a mathematical framework. This approach is still in its infancy, progressing the idea of
combining these two fields, providing a solid mathematical basis which can be used for future re-
search in information transfer. In an effort to step further into work done on the study of trans-
port models, specifically work which took the fluid mechanical perspective of studying transport
models, an extension is put forward; introducing ideas from communication theory such as trans-
mission, modulation, reception, and demodulation, to find an optimal way of sending information
across a porous medium. We begin here, rethinking what it might mean to have a general modu-
lating function; the idea of allowing for a negative (concentration) signal to transmit information
opens up the possibility of using functions which are not used in molecular communication as of
yet. This gives rise to the novelty of this report, which is the use of biorthogonal functions. We
use a generic transfer function and make use of both the modulating- and demodulating- func-
tions. These functions lead to the idea of using orthogonality conditions to help in the optimiza-
tion process. The idea of combining transport models with communication theory has the poten-
tial to open new avenues of research. We believe this can lead to promising results in the future
for molecular communication, and perhaps communication in general.
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1 Introduction

Molecular communication (MC) is a relatively new way of thinking about information transfer,
moving from encoding a signal onto a wave-packet to encoding information onto particles. Mod-
ern day science solves the problem of transmitting information over some distance by encoding
the information into wave-form sinusoidal functions which are then used to carry the signal. This
approach to information transfer is well studied in literature [1, 2, 3, 4, 5] and is very powerful
when dealing with problems in electromagnetism to radio-signals. However, it has its limitations
in electromagnetic wireless communication inside networks of tunnels, pipelines, and salt-water
environments, as pointed out in [6] and references therein, namely [7, 8, 9]. To overcome problems
in communication for situations like these we move towards MC. MC is a new paradigm of infor-
mation transfer inspired by biology, where the study of how cells communicate with one another
using chemical signals has been largely investigated [10]. Studies of nature show that MC is used
at the nanoscale, microscale, and macroscale, from cells communicating internally (intra-cellular)
and externally (inter-cellular) to pheromones being used between members of the same species.
This makes MC a sought-after technology, with research growing in recent years to understand
further its applications and limitations.

Figure 1: A graphical representation of the whole transmission to reception process present in
molecular communication ([11], page 3).

Fig. 1 shows the generic concept of how molecules are transmitted, propagated, and received.
This is the framework from which we work, where we transmit our information into a porous
medium, have this information propagate through the channel governed by a transfer function,
and finally receive this information at the receptors. Note that the extra details such has how we
encode this information into the particles, or how we decode and retrieve the information, is not
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studied here; this is an open question to be explored in the future.

In this report, we aim to develop a proper mathematical framework that generalises communi-
cation metrics for arbitrary information transfer processes. This approach is unique as it offers
a different viewpoint of that which is common in literature, providing a solid mathematical ba-
sis which can be used for numerical approximations; compared to the usual engineering approach
of taking fluid dynamic computational simulations and making numerical approximations from
them. The novelty of the approach used in this report is the use of bi-orthogonal functions. For
this report we refer to biorthogonal functions as the modulating and demodulating functions.
These two functions, denoted as ϕ and ϕ̃ respectively, exist in the space of continuous functions
C0([0, T ]) over some time interval T . They constitute the basis of the mathematical framework
we develop in this report.

Throughout this report we assume we have complete knowledge of the channel we send informa-
tion across, denoted by h. This channel is commonly referred to as the transfer function of the
system in literature. However, this assumption is not a correct depiction in industry, as knowing
the channel in which information is being transferred is not currently possible, so approximations
are typically made from models. This is to be discussed further in future work, with research into
new ways of approximating a channel to be of potential interest. For now, we will continue with
the assumption that we know the transfer function and calculate the optimum communication
process by finding an optimal set of modulating and demodulating functions for the given chan-
nel. We achieve this using a mathematical tool known as singular value decomposition (SVD),
which is performed in discrete time. We measure the efficiency of the communication process by
calculating bit error rates (BERs) and observing so called ’waterfall diagrams’ which compare
the probability of error in the signal to the noise present in the channel. Noise is a complicated
feature in communication which affects how reliable a signal obtained at the receiver is. In our
models we choose to take two different types of noise; namely we look at multiplicative noise and
additive noise, where a definition and comparison of the two is made. However, we first begin by
discussing the importance of transport theory in molecular communication as a motivation for
this work, and the literature done in thie field.

1.1 Transport theory and communication theory

Porous media are structures present in all walks of life from naturally formed pockets in rocks or
sand, to artificially created pockets in sponges or cake. They are studied in fluid mechanics which
generally deals with the study of fluid flow in finite systems. The properties of porous media and
their importance in many areas of applied science means they are not just studied in fluid me-
chanics, but also in biology, biophysics, geoscience, material science, etc. There are many differ-
ent models which can be studied in these systems, with the vast majority falling under two main
branches: incompressible models and compressible models [12, 13].

Research reviews on molecular communication in fluid mechanics has been discussed heavily in
literature [11], with its differences in approach and innovative ideas being put forward as the al-
ternative to classical wave communication. State of the art work on molecular communication in
the area of transport models gives ample evidence to show its promise as the new method of com-
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munication in certain situations. Particularly, research carried out on particulate drug delivery
systems [14, 15, 16] provides evidence that molecular communication can be applied to medicine,
with transport models related with blood flow used for the human anatomy, and nanonetworks
[17, 18, 19, 20, 21, 22, 23]. Other examples such as mass transfer in pore-scale heterogeneous me-
dia [24] shows that molecular communication is suitable for describing the removal of dissolved
organic compounds from natural porous media. Further studies have looked at how molecular
communication can build on classical communication, working in time-frequency domains [25], as
well as studies on how noise affects the communication process [26, 27, 28, 29] in molecular com-
munication.

Common transport models which have been studied in the past are advection-diffusion models,
where analytical and numerical solutions have been discussed [30, 31], advection-diffusion-reaction
models where Galerkin approximations have been made [32], and many more models which have
also been applied to molecular communication, such as multi-rate mass transfer models [33]. The
model this report focuses on is the advection-diffusion model, with multi-rate mass transfer- and
multiphase- flow models being omitted for the time being. These models come under the branch
of non-Fickian transport models, and describe both convective and dispersive properties of trans-
port; with the advection-diffusion-reaction model including a reactive transport process [34].

There is also vast amounts of literature focusing more on the communication theory aspects of
molecular communication, such as studies on reducing inter-symbol interference (ISI) - a distor-
tion of a signal from one symbol interfering with subsequent symbols. Plenty of research has gone
into trying to reduce ISI, inter-Doppler interference (IDI), and inter-carrier interference (ICI) [35].
IDI and ICI are linked via Orthogonal Frequency Division Multiplexing (OFDM) transmissions
with frequency offsets and doppler spreads causing interference. Understanding how these inter-
ferences behave allows one to improve the efficiency of a system. These studies have provided
many results, showing how IDI is present in ideal pulse-shaping waveforms, yet in rectangular
waveforms the presence of ICI and ISI is there too [36]. Through use of bi-orthogonal modulating
and demodulating functions, we aim to provide a further development on this matter. Although
this report does not study IDI and ICI specifically, a brief explanation of what they are is needed
to show one motivation behind using biorthogonal functions, as they may be useful in reducing
ISI and ICI. This is important due to the work done by [37], which suggests that modern day
wireless systems are not limited by additive white Gaussian noise (AWGN), so reducing ISI and
ICI is more impactful. This report discusses a few of the challenges in molecular communication,
such as symbol optimization [38], where the duration of time between consecutive signals affects
the distortion of the signal. There is a diverse number of transport models used in molecular com-
munication and this report, ranging from simple 1D advection-diffusion, to the mobile-immobile
model, with the future aim of working with 3D Multi-rate mass transfer models [39, 40].

The novel approach put forward in this report bridges the gap between information theory and
fluid mechanics. In the first report, when studying models in fluid mechanics, we used common
techniques to obtain transfer functions and breakthrough curves. We now extend this by tak-
ing these transfer functions and applying them in a communication setting with a generic mod-
ulating/carrier function. We investigate how to efficiently transmit information across a porous
medium using biorthogonal functions. In doing so we delve deeper into communication theory,
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taking ideas such as transmission, reception, modulation, and demodulation, where we obtain an
optimum set of modulating and demodulating functions. These functions yield the optimal solu-
tion for sending and retrieving information across a porous medium. To quantify the efficiency of
the solution we plot the main results of the report: the waterfall diagrams of bit error rate (BER)
vs signal-to-noise-ratio (SNR), which mirror the trajectories of that shown in state-of-the-art lit-
erature [41, 42, 43, 44, 45]. Bit error rate is the quantitative measure of how efficient a process
is in obtaining bits of information, i.e., how much correct information is received from the origi-
nal transmitted signal. To calculate BER we need to obtain the ratio between how many bits of
information have been received in error to how many bits in total have been received. Signal-to-
noise-ratio is the measure of how much noise is present in a system. If this ratio is large then it
means there is not much noise in the system, if it is small then it means there is a lot of noise in
the system. The transmission of information is considered to be an injection of particles into the
porous medium, where the particles have been encoded with the desired information; the channel
is considered to be the porous medium in which the particles travel in, defined by a given transfer
function, and the receiver is considered to be a location in the porous medium of which the par-
ticles pass through. The modulation is associated with the transmission, and the demodulation is
associated with the reception.

Figure 2: A graphical representation of the presence of noise in the system. As the information
propagates throughout the medium to reach the receiver, the presence of the extra information in
the medium (the noise), affects the effectiveness of the receiver demodulating the intended signal,
as the noise in the system interrupts the process. (N. Kim, A. W. Eckford, and C. Chae. (2014).
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Other results discussed in this report are placed in the appendix, as they require future work to
be done. A final remark to be made is that throughout this report we talk about modulation and
demodulation, however modulation has different meanings in literature. When discussing modula-
tion there are three main ways in which we modulate a signal. It can be based on concentration,
molecule type, and/or molecule isomers. In this report we refer to modulating based on molecular
concentration, ignoring the other two categories.
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1.2 Transport models

The simplest model to describe particle transport is the well-known advection-diffusion equation.
We assume, for the time being, an infinite 1D domain:

∂c(x, t)

∂t
+ v

∂c(x, t)

∂x
−D

∂2c(x, t)

∂x2
= 0

c(x, 0) = P (x) (1)

where c is our concentration of particles, v is the velocity of the field, D is the diffusion coeffi-
cient, and P (x) is our generic initial condition.

Given a delta function as the initial condition (P (x) = δ(x)), the solution localised around the ar-
rival point (receiver) of the particles can be interpreted as a transfer function (in time). A trans-
fer function conveniently describes how something is being transported through a medium; in this
case the transfer function contains all the information needed to develop MC strategies through a
homogeneous medium, and looks like the following:

c(x− vt, t) =
1√
4πDt

e−
(x−vt)2

4Dt (2)

A more realistic model that includes possible interactions between the fluid and the porous medium
is the mobile-immobile model (MIM). The porous medium itself is stationary but the model name
refers to locations within the porous medium where fluid will flow as normal (mobile parts), and
locations where the fluid will travel very slowly or get trapped (immobile parts). This model is
essentially an advection-diffusion-reaction model problem:

∂c(x, t)

∂t
+ v

∂c(x, t)

∂x
−D

∂2c(x, t)

∂x2
+ βc(x, t) = βb(x, t) + P (x, t)

c(x, 0) = 0
∂b(x, t)

∂t
= β(c(x, t)− b(x, t)) (3)

where c, v, and D are the same variables and parameters as in (1), with the addition of β and b;
which are the exchange rate of particles from mobile to immobile (or vice-versa) and the concen-
tration of immobile particles, respectively. We also now have a source term P (x) which can be
related to the initial condition in (1) using Duhamel’s principle.

This problem describes how a fluid flows in a porous medium which has both advective and diffu-
sive properties; as well as reactivity properties relating to the exchange in particles from mobile to
immobile parts of the porous medium (which is described by β and b, where b itself is represented
as an ODE). It should be noted that this is a inhomogeneous PDE with a zero initial condition
and a source term P , that could describe, for example, how particles are inserted in the system.
The result of this problem is more complicated and has more steps to deriving an analytical solu-
tion compared to the homogeneous advection-diffusion equation.

The solutions of both these models are analysed in the appendix section of this report, were graph-
ical representations are shown and used to analyse how the behaviour changes depending on the
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parameters of the model (i.e velocity, diffusion, reactivity). However, as is common when dealing
with model problems of this sort we first proceed to non-dimensionalise the whole problem. In
doing so, the two problems mentioned above are transformed into the following forms:

∂c

∂t
+

∂c

∂x
− 1

Pe

∂2c

∂x2
= 0, Advection−Diffusion−Model

c(x, 0) = P (x) (4)

Where c, x, t, and Pe are all dimensionless parameters; With Pe (the Peclet number) defined to
be Pe = LV

D , consisting of some distance (L), speed (V ), and diffusive coefficient (D). We could
choose L = 1 and V = 1 for suitable simplifying purposes.

Pe
∂c

∂t
+ Pe

∂c

∂x
− ∂2c

∂x2
= Da2(b− c) + P, Mobile− Immobile−Model

c(x, 0) = 0
∂b

∂t
= Da2(c− b) (5)

where c, x, t, Pe, and Da2 are all dimensionless parameters with Pe still being the Peclet number
and Da2 (the Damkohler number version 2) defined to be Da2 = PeDa; with Da (the Damkohler
number) being defined to be Da = βL

V , consisting of some exchange rate (β), distance (L), and
speed (V ).
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2 Modulation

To preface this section it should be noted that the model we study here (the advection-diffusion
equation) is done so in its non-dimensional form. There are multiple different versions of the same
parameters when dealing with models such as this one, like velocity: We can have a velocity at
the microscopic level which would be considered to be the fluid velocity, and we can have a ve-
locity at the macroscopic level which would be considered to be the average velocity (or Darcy
velocity); these different types of velocities are important to specify as they can change the in-
terpretation of a model and its solution. There is also the diffusive coefficient, knowing when to
define it as diffusion or dispersion. In this thesis, since we are only dealing with mass transfer at
the microscopic level, we will define our velocity as fluid velocity and our diffusion as a diffusive
term, and not a dispersive one. One final remark is the notable absence of a porosity term which
is usually found attached to the time derivative term in these equations. We omit this term for
the time being only for simplicity and intend to implement it back into these models in the near
future.

This chapter focuses on modulation. It explores how molecules which carry information may mod-
ulate through a porous medium and interact with a receiver, where the information will then be
demodulated. The inspiration for this chapter comes from the study of information transfer and
transport models, where a combination of the two areas seems to be promising in providing new
ideas and results in the world of molecular communication. Taking molecules and encoding in-
formation onto them, we investigate how to retain the information we transmit through a porous
medium at the receiver, with the aim to reduce the error in lost information; i.e., we aim to opti-
mise bit error rate (BER) which is a quantitative measure describing the efficiency of a signal in
the presence of noise. Firstly, we relate back to work done in the first year, extending the work
done on transfer functions and applying it to a communication setting, where we modulate the
information using a delta function. For illustrative and motivational purposes we provide figures
showing arrival time distributions and show how symbol intervals, i.e. the times for which we wait
to send a consecutive impulse, can affect the error in demodulation. We provide a mathematical
framework to work from, where we discuss the simple case of a small diffusion regime. We pro-
vide analytical results in this domain. Secondly, we explore a setting where our modulating and
demodulating functions are kept general, and not strictly non-negative delta impulses. We achieve
a demodulating function from this generic modulating function (numerically) which will retrieve
our transmitted signal and proceed to demodulate the information contained therein. This leads
to the main results of the report, producing further waterfall diagrams to understand how efficient
generic modulating- and demodulating- functions are in sending and retrieving a desired signal.
We then play with the numerical results to observe how the results change for varying parameters
and noise. We achieve these results using the mathematical tool of singular value decomposition
(SVD).

To begin we must first discuss the mathematical framework we work from, explain what the prob-
lem is and the motivation behind studying it.
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2.1 Simple Modulation

This subsection provides the motivation and qualitative illustrations for the ideas proposed in this
report, including an extension on the research carried out during my starting period, with figures
of arrival time distributions of the advection-diffusion equation discussed. We discuss the math-
ematical framework from which we work from and briefly look into symbol interval optimisation,
to show how this simple process becomes intricate when one tries to optimise the problem of in-
formation transfer. When we are able to send information as quickly as possible with as low an
error rate as possible then we have achieved our optimisation, and we have therefore optimised
the problem – this optimisation process is discussed in more detail throughout the report, but put
simply we are trying to model the most efficient communication method (optimal approach) by
improving on ideas used in literature using novel ideas (optimising work done). This whole pro-
cess would have the end goal of completely improving on previous work done in the field, finding
the best way of communicating through a porous medium (optimisation of the problem) – opti-
mal, optimising, and optimisation are just terms used in this report to address the improvements
to be made in communicating within a porous medium, relating to fast information transfer with
low error rates. Firstly we look at what the problem is and how we think about the optimisation
of the information transfer problem, Secondly we create the mathematical/communication frame-
work from which we work from when studying these problems, and lastly we discuss how optimis-
ing this simple process becomes difficult when considering the practicalities of the problem; such
as the need for multiple impulses/symbols in a constrained time frame. We therefore discuss what
the problem is, what this thesis focuses on optimising, and how we tackle this optimisation prob-
lem. Some quantitative results are also produced in relation to work done in section (2.2.3).

For a given channel we can calculate its corresponding transfer function, which in-turn will de-
scribe how particles in the channel travel throughout it. For purposes of testing our approach, we
begin with a simple advection-diffusion channel (4.1.1) and take its transfer function convoluted
with a delta impulse, which yields the following figure:

Figure 3: Arrival time distribution for particles reaching the receiver under the
advection-diffusion model.
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where this curve represents the information (bits), xi, we send in one impulse/symbol through
the porous medium; impulse/symbol refers to the transmission of an individual block of informa-
tion of length m, and is dependant on the transfer function. This information is encoded into the
concentration of the molecules we impulse into the porous medium. This idea is explored in fur-
ther detail in [46], with an isomer-based concentration shift keying (ICSK) approach taken for the
transfer of information. For our purposes, the idea of using concentration to transmit information
remains the unchanged, and is described in our simplified models by the delta function impuls-
ing the molecules into our system. Fig. 3 is known as the arrival time distribution, and gives the
probability density of a particle reaching the receiver at a given time. Note that this means the
integral of this transfer function across all time is equal to 1. Practically, however, when receiving
the transmitted signal one does not usually have enough time to wait to receive the entire symbol
before sending/receiving a consecutive symbol. If we limit ourselves to having, say, 1 minute to
send and receive information, then we have a restriction on how many symbols we can physically
transmit during this time. This means that the curve is potentially overlapped with another curve
at some time instant, τ , due to a consecutive symbol being transmitted, resulting in the study
of inter-symbol interference. I.e., a consecutive transmitted symbol interferes with the first sym-
bol sent. Studies such as [47] attempt to optimise this process which depends on multiple factors,
such as symbol intervals (length of τ), Peclet values, etc.

The problem we are investigating is how to optimise a generalised version of this problem. Namely,
we look at a general modulation where we no longer have delta impulses (symbols) in particular
carrying our information. The benefit of using a general modulation rather than a delta function
is that we are no longer restricted by how many symbols we can send. We aim to no longer re-
strict ourselves to symbols being activated at certain times, but instead have a continuous stream
of information being transmitted. The limitation of this problem is that it is more difficult to
solve analytically, resulting in the need for numerical approaches; where we begin working from
our mathematical framework. However, before moving to the general setting we first discuss sim-
plest case of this optimisation problem and the practical issues in sending information. This gives
rise to a second motivation for the research in this report. We briefly look at what happens when
we have a delta function as our channel model. We then conclude this section with an illustra-
tion showing the complexity of the problem when we want to send multiple symbols consecutively
after each other.

Before studying the simple case we must first define the mathematical/communication framework
from which we will be working from.

2.1.1 Communication framework

We have a continuous signal in time we wish to send across a channel, denoted by x(t). x(t) is
known as the input signal and is a continuous function of t ∈ R. This input signal is composed
of a family of functions, ϕi = Φ, which exists in the continuous function space C0([0, T ]) over
some time interval T , and the bits we are transmitting, xi, which is a string of digits of length
b for each bit i = 1, 2, ..., N . We therefore have the following formula for composing a signal in
general:
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x(t) =

N∑
i=1

xi · ϕi(t) (6)

where xi is considered to be the information sent (0′s and 1′s) and ϕi are the modulating func-
tions. In general they are not just multiplied together, but undergo the dot product and are de-
fined as xi ∈ {0, 1}b and ϕi = (ϕi1, ..., ϕi,b)

T ; where b is the (block) length of bits sent and ϕ
is some column vector of equal length. If b = 1 then this dot product becomes a multiplication.
There is a constraint placed on the modulating functions ϕi which is dependent on the concentra-
tion of the particles being sent; it is not physical to have |ϕi| < |ϕi · Xi| as this would mean we
want to send more information than our modulating function can process.

We aim to retrieve the input signal, xi, completely, obtaining the desired signal, yi. That is we
want to obtain yi ∈ {0, 1}b such that |yi − xi| = 0. However, obtaining the exact bits of informa-
tion sent is not likely, and errors will often be present due to noise in the channel, or other exter-
nal factors. Adjusting for this we instead require yi ∈ {0, 1}b such that |yi − xi|1 < ϵ, where ϵ is
a small number quantifying a threshold error and | · |1 is the L1 norm. To obtain yi we must first
process what we call the output signal, denoted by y(t), which is the convolution in time between
the input signal and some function, h(t), describing the channel we pass our information through.
This is commonly referred to as the transfer function of the channel.

y(t) = x(t) ∗ h(t;K) =

∫ t

0
x(t− τ)h(τ ;K) dτ (7)

h(t) is a function continuous in time and varies with changing parameters, K = (κ1, κ2, ..., κn),
having ’n’ many parameters. Note the operation ′∗′ represents the convolution operation in time.
However, if we move into frequency space this operation becomes a product. In order to preserve
the generality of this description we will refer to ′∗′ as the ’star ’ operation. We then multiply this
output signal against the function, ϕ̃, which also exists in the continuous function space C0([0, T ])
over some time interval T . ϕ̃ is what we call the demodulating function.

Applying this problem to a transport model, we can study what happens when we take the known
transfer function associated with the advection-diffusion equation, h(t). In this case we have the
following operation to retrieve the transmitted signal:

yj =

N∑
i=1

xi

∫ ∞

0

(
ϕi(t) ∗ h(t;xR, P e)

)
ϕ̃j(t) dt (8)

where xR is the location in space of our receiver, and Pe = LV
D is the Peclet number. Note that

for simplicity we now choose the block length of our bits to be b = 1

That is, to retrieve the desired input signal consisting of the bit xj , we can equate the following
relationship:

yj =

N∑
k=1

xk

∫ ∞

0

(
ϕk(t) ∗ h(t;xR, P e)

)
ϕ̃j(t) dt = xj +O(ϵ) (9)
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where O(ϵ) accounts for some error in the information transfer process. Specifically, O(ϵ) is the
quantitative difference between the information we input into the system and the information
which is output from the system.

The mathematical complexity of this problem is contained in the double integral (hidden implic-
itly by the convolution operator), the rest of the terms are simple inputs which are known. There-
fore we can say that to observe a signal at the receiver we must require this double integral to
equate to 1, or 0 if no signal is observed. This is due to the fact the double integral contains all
the information of the transfer process. For this transfer to be observed the concentration of the
particles being transferred must be measured, which is done so by calculating the double integral,
yielding the concentration of particles at the receiver; thus giving the concentration of the signal
being sent reaching the receiver, where we normalise the integral. So our focus in the communica-
tion framework is to understand and optimise the following identity:∫ ∞

0

∫ t

0

(
ϕi(t− τ)h(τ ;xR, P e)

)
dτ ϕ̃j(t) dt = δij +O(ϵ) (10)

where δij is the Kronecker delta. O(ϵ) appears again on the right side of this equation due to the
fact we are using the modulating and demodulating functions which we choose to be bi-orthogonal.
However, the operation between these two functions is not exactly the scalar product, which would
be equal to 1. So in this sense we take the operation to be as close to 1 as possible as this resem-
bles the orthogonality between the two functions.

From this identity we obtain the following theorem:

Theorem 1. Let ϕi(t) = Φ and ϕ̃j(t) = Φ̃ be two exclusive sets of continuous functions, and let
h(t;K(κ)) be a continuous function in time, varying with parameters K = (κ1, κ2, ..., κn). If∫ ∞

0

∫ t

0

(
ϕi(t− τ)h(τ ;K)

)
dτ ϕ̃j(t) dt = δij +O(ϵ) (11)

then we have

|yi − xi| = O(ϵ) (12)

for some input xi and output yi.

which is proved in the appendix, section (4.2.1)

If we can optimise this double integral, i.e. be as close to 1 as possible, thereby reducing this er-
ror difference O(ϵ), then we have created an efficient communication process. Schematically the
process looks as follows:

x ∈{0, 1}b modulate
=======⇒ X(t) =

∑N
i xiϕi(t)

Transmit
======⇒ Y(t) = X(t)*h(t)

Demodulate
=========⇒ yj = D

(
Y (t)

)
=
∫ t′

0 Y (t)ϕ̃j(t) dt

where we recall b represents the length of the bit, and D defines the generic demodulating opera-
tion.
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Figure 4: A block representation of the modulation-demodulation process we look at in this
report ([48], Materials and Methods)

2.1.2 Channel model: Delta function

This section deals with simple modulation, both in the mathematical sense and physical sense
in order to get some intuition of the behaviour of the problem; with the equations being studied
becoming simpler (ϕi no longer needs to be continuous) and the physical process being trivial and
unrealistic. Throughout this section we deal with

ϕi = δ(t− Ti)

which represents an impulse of information being injected into our system at some time t = Ti.
We consider a system where the channel h(t) = δ(t) is also modelled by a delta function, known
as a small diffusion regime.

For ϕi(t) = δ(t− Ti) recall the following definition:

yj =

∫ T

o

(
X(t) ∗ h(t)

)
ϕ̃j(t) dt

=

∫ T

o

 N∑
i=1

xiδ(t− Ti) ∗ h(t)

 ϕ̃j(t) dt

=
N∑
i=1

xi

∫ T

0

∫ t

o
δ(τ − Ti)h(t− τ) dτϕ̃j(t) dt

=

N∑
i=1

xi

∫ T

0
h(t− Ti)ϕ̃j(t) dt (13)
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Eq. 13 is our starting point when in this simple modulation case.

From here we move to the small diffusion regime by taking h(t) = δ(t), which yields the following:

yj =

N∑
i=1

xi

∫ T

0
δ(t− Ti)ϕ̃j(t) dt

=

N∑
i=1

xiϕ̃j(Ti) (14)

So for a delta impulse as our modulator, and a delta function as our transfer function, our re-
ceived information is proportional to the demodulating function. We can infer that if we desire
the output information to be the same as the input information (i.e. yq = xq, no error) then we
have the following equation:

xj = yj

=
N∑
i=1

xiϕ̃j(Ti) (15)

From the property of the Kronecker delta function we obtain the following condition for our de-
modulating function:

ϕ̃j(Ti) = δij (16)

So in the small diffusion regime we look to find functions which satisfy condition (16), such as the
rectangular wave-front function defined as:

ϕ̃j(t) = Θ(t− (Tj −
∆t

2
))−Θ(t− (Tj +

∆t

2
)) (17)

where Θ is the Heaviside function and ∆t is it’s width.

That is to say, if we have a delta function (as our transfer function) within the compactly sup-
ported rectangular function then we have perfect demodulation. However, a delta function is not
a realistic transfer function, and more realistic transfer functions should be studied.

Another simple modulation case, this time with an oscillatory channel, is discussed in the ap-
pendix section (4.2.5) of this report; with work still needing to be done on it.

2.1.3 Channel model: ADE

Note that the limiting case of the advection-diffusion transfer function (diffusion → 0) becomes a
small diffusion regime problem. Thus the advection-diffusion equation is the logical step to move
to more realistic transfer functions. More realistic transfer functions are harder to demodulate
information from as they have more dispersive features. These dispersive features, in particu-
lar the "fat tails" produced by them, are what cause problems when demodulating information
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Figure 5: An illustration of demodulating an impulse/symbol. The Heaviside function and
transfer function coincide with one another over some time interval ∆t. This overlap between the
two functions corresponds to the symbol being demodulated at the receiver and the information
being retrieved. Note that only the area of the transfer function under the Heaviside function is
demodulated, as the rest becomes zero. This relates to the receiver only being activated for the

time interval during which the Heaviside function is ’activated’.

across a medium. If we take a look at Fig. 5 we observe a rectangular function (in yellow) and
the advection-diffsuion transfer function (in blue). We can observe that not all of the transfer
function is contained within the rectangular function. This relates to information being lost in
the medium. This feature is common in more realistic transport models, and the problem is not
easily fixed. For instance, we can not simply extend the width of our rectangular function to be
arbitrarily wide and contain all the information of the transfer function inside it. This is because
there are practical problems to consider. One such problem is that multiple signals tend to be
sent together, meaning there will be a consecutive signal, similar to the transfer function shown
in Fig. 5 (blue), sent shortly after the first one. This means the rectangular function (if arbitrar-
ily wide) may take information from the consecutive signal also, which causes interference. This
is what is known as inter-symbol interference and is part of the problem of having an arbitrar-
ily wide rectangular function as our demodulating function. This extension to having multiple
symbols is the second motivation of this report. We would like to not be restricted by how many
symbols we can transmit in a given time frame. Illustrations are given next to motivate the rea-
son why we move into a generic modulation setting, instead of staying in a delta modulation set-
ting.

We now move away from the small diffusion regime and look at channels which are more realistic,
coming from transport models. Particularly, we are now looking at the advection-diffusion trans-
fer function, under the influence of a delta impulse as our modulating function. Theoretically one
could wait a large amount of time to obtain an entire signal sent by the transmitter before send-
ing another signal, but doing this is not practical. The practical way to send and retrieve infor-
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mation is to wait a much shorter amount of time with a concentration threshold. This threshold,
if met, decides if the signal being sent has been retrieved. To retrieve the information a demod-
ulating function would be needed to recover the signal, and for this specific case the demodulat-
ing function would be the Heaviside function, shifting through time along with the transmitted
symbols; note that the Heaviside function would only need to be activated during a time interval
around when a delta function was activated. The end of the Heaviside time interval corresponds
to when the transmitted signal stops being retrieved.

Figure 6: An illustration of modulating 5 impulse symbols into a medium, with a temporal delay
waiting until each signal reaches the receiver before sending a consecutive signal.

Fig. 6 depicts neatly the overall process from modulation to demodulation, previously discussed
from a mathematical perspective. This plot represents ’sufficiently spread’ modulations, resulting
in inverse Gaussian fluctuations at the receiver, which is coinciding with what the mathematics
describes. The term ’sufficiently spread’ is used here when referring to the time spent between
sending consecutive symbols being long enough for most of the previous signal to reach the re-
ceiver.

We now ask the question, "what would happen to the symbols when we observe ’inconsiderate’
spreading of symbols"? By ’inconsiderate’ we mean a consecutive signal would be sent before most
of the prior signal has reached the receiver. This report does not venture further into this prob-
lem from a quantitative stand point. However, the concept is relevant to the problem we do in-
vestigate and so taking time to discuss this problem qualitatively is beneficial in understanding
the motivation behind the problem studied in this report. Returning to our transfer function we
obtain the following graphical illustrations of this process:
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Figure 7: An illustration of modulating 5 impulse symbols into a medium, with an inconsiderate
temporal delay between sending each impulse. This results in the symbol not being able to fully

reach the receiver before a consecutive symbol is sent.

Observing Fig. 7 we notice that the received signal (all the individual symbols), depicted by the
gold curve, loses its oscillating inverse Gaussian structure compared to Fig 6. This is due to the
time between sending each symbol being halved, resulting in the receiver not being able to de-
modulate most of the previous symbol before the consecutive symbol reaches the receiver. This
leads to larger errors in the demodulation process since we cannot obtain the full signal sent via
its individual symbols before they are corrupted with a second, third, or fourth, etc, symbol. This
means to obtain the probability of receiving the desired signal, we need to integrate the received
symbol of each impulse separately and cannot combine the symbols together.

Since symbols can become convoluted with each another, making them less desirable, one way to
improve the efficiency of receiving the desired signal is to optimise the delay between sending con-
secutive symbols. A proposal of delaying certain signals throughout the transmission process in
order to optimise the error rate of our signal may be beneficial [47]; this paper looks at the opti-
misation of time spent between sending signals, and how a small delay in certain intervals of time
can increase the efficiency of detecting a desired signal.

Fig 8 gives a graphical illustration of the switching on and off of 10 symbols, where we switch off
symbol 3 and symbol 8. A pattern emerges in the concentration of the received signal giving some
qualitative insight into how symbol interval optimisation can be of importance in retrieving a de-
sired signal.

Now, if we take this idea of modulating multiple symbols in a constrained time frame to create
a desired signal and extend it, we arrive at our problem. We take these ideas further by moving
into a more general setting, investigating how to optimise information transfer of a signal which
can not be broken up into different delta impulses, but is instead one continuous stream. I.e. we
do not choose what our modulating function looks like nor control time intervals at which to acti-
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Figure 8: An illustration of modulating 8 impulse signals into a medium, with 2 signals being
switched off. It is clear that the temporal delay between impulses effects the received signal.

vate individual symbols, omitting of course the first time we activate the signal. This idea makes
use of biorthogonal functions and is the novelty of this report.

2.2 Generic Modulation

When having a generic transfer function, and applying the mathematical framework described
in section (2.1.1), recall the demodulation process from a mathematical perspective is written as
follows:

yj =

∫ ∞

0
Y (t)ϕ̃j(t) dt =

∫ ∞

0

 N∑
i=1

xiϕi(t) ∗ h(xR, t)

 ϕ̃j(t) dt (18)

where ϕi(t) is the generic modulating function, xi is the bits (information), h(xR, t) is the transfer
function, and ϕ̃j is the demodulating function. The quantity of interest is this convolution inte-
gral: ∫ ∞

0

∫ t

0

(
ϕi(t− τ)h(xR, τ)

)
dτ ϕ̃j(t) dt = δij +O(ϵ) (19)

and as explained in section (2.1.1), if we can optimise this operation we have optimised the infor-
mation transfer problem in a generic setting.

Solving this equation analytically in order to obtain a solution between the ouput and input is
difficult due to the presence of the convolution operation, thus it is more convenient to arrive at
a set of modulating and demodulating functions, which can retrieve the signal, from a numerical
approach. We therefore move from the continuous setting to a time-discretised setting. The rea-
son for doing so is to use singular value decomposition (SVD) to obtain a bi-orthogonal system
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of modulating functions and demodulating functions directly. However, the continuous approach
is investigated further in section (4.2.3), with a brief discussion on a similar problem. A solution
to this problem is found in Fourier space, inferring an analytical solution to this generalised prob-
lem may be possible to find; this is future work to be looked into at a later date. It should also be
noted that a further approach was taken, deriving a procedure to obtain a set of modulating and
demodulating functions (discussed in appendix, 4.2.2).

2.2.1 Modulation-Demodulation scheme in discrete time

The entire process from modulation to demodulation of a signal is schematically shown below.
This is where we introduce the novel idea of using biorthogonal functions, denoted as our modu-
lating and demodulating functions respectively.

x ∈ {0,1}m modulate
=======⇒ X1×T =x1×mΦm×T

Transmit
======⇒ Y1×T = (X1×T + ηM )HT×T + ηA

Demodulate
=========⇒ y1×m = D (Y) = Y1×T Φ̄T×m

where m is the number of modes, T is the length of our discrete time, x ∈ Rm is the information
that is encoded and modulated, X ∈ RT is our transmitted signal, Φ ∈ RmxT is our carrier ma-
trix, H ∈ RTxT is our transfer matrix obtained by using a Toeplitz matrix, Φ̄ ∈ RTxm is our de-
modulating matrix, Y ∈ RT is the reception of the transmitted signal, y ∈ Rm is the obtained
signal, and η is the noise of the system; with ηM denoting the multiplicative noise and ηA denot-
ing the additive noise. The location of η represents what type of noise it is (additive or multi-
plicative); if located within the product of the transmitted signal and the transfer function it is
called a ’multiplicative’ noise, whereas if it is just added to the product it is called an ’additive’
noise. Although not shown here, it is important to mention that each type of noise results in dif-
ferent values for the error of the demodulation process.

Working off this schematic, we propose a mathematical framework to approach this problem from.
This mathematical framework can be condensed down from Theorem 1, which is clearly consid-
ered in continuous time, so its discrete analogue can simply be written as:

Theorem 2. Let Φ and Φ̄ be two exclusive sets of matrices, and let H be a discretised matrix in
time. If

ΦHΦ̄ = I+O(ϵ) (20)

then we have

|y − x| = O(ϵ) (21)

for some input x, output y, and identity matrix I.

In this proposition, we assume for simplicity that we know the entries of the transfer matrix H.
The entries for matrix ϕ are defined to be Φik = ϕi(tk), and is as such similar for the entries
of the other matrices. If we are able to retrieve the modulating and demodulating matrices such
that Eq. 20 holds then we have successfully found a modulating-demodulating process which works.
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Skipping over further details we now introduce the singular value decomposition (SVD) method.

2.2.2 Singular Value Decomposition of The Transfer Function

Remaining in a discrete setting, we move towards observing the attenuation behaviour of our
system. Attenuation refers to a reduction in signal strength and thus is directly related to the
transmission of such signal; this is also known as ’path loss’ in power based calculations of canon-
ical communication systems based on electrical signals. Attenuation can be calculated from the
transfer function of the system (or better yet the reception of the signal) and thus we analyse the
transfer function.

In this report, which leads to aim towards the fundamental idea of ’bridging the gap’ between
fluid mechanics and information theory, we will interchange our transfer function H (also referred
to as the ’channel’), derived from a transport model, with the attenuation of the system.

Singular value decomposition (SVD) is a method used in this report as it speeds up the optimiza-
tion process. Put simply, it reduces a matrix to its constituent parts to make matrix calculations
simpler. It achieves this by factorising a real, or complex, pxq matrix into three other matrices in
the form of UΣV T ; where U is a pxp unitary matrix, Σ is a pxq diagonal matrix, and V is a qxq
unitary matrix. This report makes use of the incomplete SVD, which differs from the complete
SVD as it only takes the essential information from the matrix needed to compute the problem;
i.e., we take an approximation of H ≈ UΣV T , which is a truncated version of the SVD, rather
than the complete form of H = UΣV T . This is explained in further detail in the appendix sec-
tion. The essential information relates to the number of bits (m) being sent, which means we only
consider m modes of the matrix and no more. Taking (20) we can expand H in its SVD form as
follows:

ΦUΣV T Φ̃ = I (22)

where U and V are orthogonal matrices, with Σ being a diagonal matrix.

Note that if we had kept the error term O(ϵ) in Eq. 20 then we could have written it as

ΦHΦ̄ ≈ I (23)

which in turn would mean Eq. 22 would look like

ΦUΣV T Φ̃ ≈ I (24)

which is the incomplete SVD formalism (since H ≈ UΣV T in the incomplete version). That is
to say that the error term is present in the incomplete SVD, but for simplicity we omit the error
term when discussing the ideas of SVD.

The benefit of expanding H in its SVD form is that it allows for us to write both our modulating
and demodulating matrices in terms of the orthogonal matrices U and V respectively. To show
this we can write H explicitly as such:
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H = UΣV T (25)

Taking HTH and HHT separately yields:

HTH = (V ΣTUT )UΣV T = V ΣTΣV T

HHT = UΣV T (V ΣTUT ) = UΣΣTUT (26)

This suggests that the orthogonal matrices U and V are simply the eigenvectors of HHT and
HTH respectively, and ΣTΣ (or ΣΣT since diagonal) is the eigenvalue matrix of HTH or HHT .
If possible to find these eigenvectors, a relationship is needed to see how to make use of U and V
for Φ and Φ̃. Looking at (22) we see a solution to this equation is to write the modulating and
demodulating matrices as follows:

Φ = Σ−1UT

Φ̃ = V (27)

where the matrix Σ is obtained by taking the roots of the eigenvalues of the matrix ΣTΣ (or ΣΣT ).
Substituting 27 directly into 22 is performed below, showing it is indeed a suitable solution:

ΦUΣV T Φ̃ = Σ−1UTUΣV TV = Σ−1Σ = I (28)
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2.2.3 Optimising signal error

The benefits of using SVD of the transfer function is that it yields an optimal set of modulating
and demodulating functions. However, the set of functions that the SVD yields may not be prac-
tically viable. It may be that the functions are difficult to work with, and so an engineer trying to
produce these set of functions, which could be highly oscillatory, may struggle. Therefore, one op-
tion could be using the incomplete SVD to reduce the number of optimal solutions, yielding just
one in the case of the so called ’thin SVD’. The thin SVD takes only the diagonal values of the
matrix, giving benefits such as speed of calculation and economically more efficient. This would
give a set of optimal solutions based on the eigenvalues of the eigenvectors used in the SVD. How-
ever, the problem still arises in the practical setting if these functions are not easy to handle; for
this reason approximations are made of an SVD of the transfer function in this report, with the
idea of approximating a complex function with multiple simpler functions.

To choose the modulating and demodulating functions we begin by choosing the type of modula-
tion we want to achieve, which is driven by a stream of 0′s and 1′s. We combine this information
along to the modulating function Φ. This generates a signal with which we can calculate how the
information is transported by multiplying the transfer function with the signal itself, denoted Y .
To yield the signal sent we multiply Y by the demodulating function Ψ.

What should be expected in the modulation-demodulation scheme is a delay from when the signal
gets modulated to when it gets demodulated. This delay is one example of how errors can occur
within signals. If the delay between modulation and demodulation is long, then knowing for cer-
tainty if the signal we are demodulating is being demodulated at the correct time is not possible.
Thus, approximations are made, with bit error rates (BER) calculated to estimate how many er-
rors are sent per signal.

If we take the advection-diffusion equation for different values of the Peclet number we obtain the
following arrival time distributions
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Figure 9: Arrival time distributions for varying Peclet values. As the Peclet value reduces the
distribution of the curves become more dispersed, which is representative of high diffusivity

within the channel.

Taking these transfer functions we can plot the waterfall diagrams of each one, resulting in a
quantitative measurement of how efficient these transfer functions are in transferring information
in the presence of noise.

The two types of noise we consider are multiplicative noise and additive noise. The former rep-
resents a system where the information being transmitted is affected by some disturbance in the
transmission process. Mathematically, that is to say that we add a noise term, ηM , within the
product of the transmitted signal X and the Toeplitz transfer matrix H, as depicted in the schematic
in section (2.2.1). The latter is a system where the information being transmitted is affected dur-
ing the reception of the information being sent. Mathematically, we again add a noise term, ηA,
but this time located outside of the product between the transmitted signal and transfer matrix.
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Figure 10: The signal-to-noise ratio vs bit error rate trajectory (known as waterfall diagrams due
to their shape) is shown for varying Peclet values in the presence of multiplicative noise, ηM . The

waterfall diagrams illustrate the error rate of information transfer in the presence of noise. For
the smaller Peclet values, i.e., the more dispersive channels we notice that the error in receiving a

signal is reduced compared to more velocity driven channels.

Figure 11: The signal-to-noise ratio vs bit error rate trajectory is shown for varying Peclet values
in the presence of additive noise, ηA. For the smaller Peclet values, i.e., the more dispersive
channels we notice that the error in receiving a signal is reduced compared to more velocity

driven channels.

These results corroborate the work being done in literature [47]. In literature, waterfall diagrams
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tend to plot the bit error rate of a process vs. the signal-to-noise ratio of the process. recall bit
error rate (BER) is the quantitative measure of how efficient a process is in obtaining bits of in-
formation, and signal-to-noise ratio (SNR) is the quantitative measure of how strong noise is within
a system. What these waterfall diagrams show is that each transfer functions decrease in error
as the signal to noise ratio increases (noise decreases). Fig. 10 shows that as the signal strength
increases the error in modulation of the signal decreases when in the presence of multiplicative
noise. With Fig. 11 showing this effect is less diverse whether you are in a diffusive or advective
driven channel, which is counter-intuitive. This effect is likely driven by the different nature of
the two noise terms. Although they both affect the transmitted signal, they affect it in different
ways due to the location of where the noise occurs. Clearly, having noise in the transmission pro-
cess is more noticeable, due to the differing BER curves, compared to having noise in the recep-
tion process.

This approach, however, is different from approaches used in literature, with the novelty coming
from the use of bi-orthogonal functions. This novelty enables one to optimise modulation through
manipulation of the channel/transfer function, rather than molecule manipulation at the trans-
mitter/receiver, or estimating the channel using numerical simulations.
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3 Conclusion

There are three main points to conclude this report. They relate to the use of the mathematical
framework, the use of SVD, and the presence and location of noise in the system.

1. To find an optimal set of modulating and demodulating functions, singular value decomposi-
tion provides a framework to begin working from. SVD yields one pair of optimal solutions
rather than a whole set. This means that we do have an optimal solution for the modula-
tion/demodulation scheme, however its limitation is that the optimal solution it yields may
not be practically feasible to work with; for instance it may be highly oscillatory. This leads
to the potential need to approximate the modulating function, resulting in extra errors.
These errors can be quantified numerically, resulting in BER’s and relationships between
the error density and noise.

2. The mathematical framework provides a rigid starting point when dealing with optimisa-
tions of communication across a channel. In particular, the theorem:

Let ϕi(t) = Φ and ϕ̃j(t) = Φ̃ be two exclusive sets of continuous functions, and let h(t;K(κ))
be a continuous function in time, varying with parameters K = (κ1, κ2, ..., κn). If

∫ ∞

0

∫ t

0

(
ϕi(t− τ)h(τ ;K)

)
dτ ϕ̃j(t) dt = δij +O(ϵ) (29)

then we have

|yi − xi| = O(ϵ) (30)

for some input xi and output yi.

is the key result to take away from the mathematical framework.

3. The introduction of noise has an affect on how efficiently information is passed through a
channel. In particular, the location of the noise term plays an important role. If it appears
in the product between the signal and transfer function (multiplicative noise) then the dif-
fusivity of the channel plays a more prominent role. However, if the noise is outside of the
product (additive noise) then the diffusivity of the channel appears to be not as important.
That is to say the BER does not change regardless of how diffusive the channel is.

In conclusion, when modulating a signal through a porous medium we have a start point given
by the mathematical framework. It is beneficial to use the SVD method as it will produce the
optimal set of modulating and demodulating functions to use. The location of noise in the sys-
tem plays a role in BER, and also dictates whether the diffusivity of the channel affects the BER.
This thesis is connected with inverse problems, i.e, our aim is to be able to reconstruct with min-
imal loss the information we input into the system, xi, given the information we receive at the
ouput, yi, and the main goal of the work is to derive “sensible choices” of ϕ and ϕ̃ to this end.
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4 Appendix

This appendix section will give brief summaries over other results obtained throughout my stud-
ies, as well as guided information for future models being used and various applicable fields.

4.1 Models and results

4.1.1 Advection-Diffusion Transfer Function

When studying the homogeneous advection-diffusion equation we considered the following solu-
tion:

h(x− t, t) =

√
Pe

4πt
e−Pe

(x−t)2

4t (31)

To analyse the behaviour of this solution it is best to plot its behaviour against a change of paramter
values (such as velocity, diffusivity, and the distance between transmitter and receiver). In vary-
ing these parameters we obtain some of the following figures:
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Figure 12: An arrival time distribution showing how particles travel within a fluid flow.

Figure 12 shows the arrival time distribution of our function when the diffusive rate varies but
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the velocity of the fluid remains at 1, and the position is taken to be at x = 1. It is easy to notice
the physical features appearing here because the velocity of the fluid is moving at a rate of 1 unit
per second, and since the arrival time is being measured at x = 1 then everything happens around
1 second. From a physical interpretation, we would expect that the concentration of the solute
would disperse throughout the fluid and not all the solute would be measured at our receiver at
the same time, thus resulting in a lower concentration of our solute at the receiver for a large dif-
fusive coefficients, giving an arrival time distribution that is smaller when compared to smaller
diffusive coefficients; which is indeed what this figure shows. The larger the diffusive rate the less
defined is the peak of the arrival time distribution graph and the smaller the diffusive rate the
more defined is the peak of the arrival time distribution graph; this is what the figure shows. This
is down to the fact the convective term would be more influential in the fluid and thus the solute
would travel mainly by the fluid motion and not its own random Brownian motion given by diffu-
sion, resulting in more of the solute reaching the receiver at the same time.

The zoomed in graph in figure Fig. 12 is to help see the features of the graphs at an earlier time
more clearly. From this figure we can see the graphs of the blue, orange, and green lines and see
their behaviour better. So it is now easy to notice that when the diffusive term is increased (i.e
the Peclet number is decreased since Pe ∝ v

D , where v is velocity and D is diffusion) then there
is no peak which appears, and this is due to the reasons mentioned above regarding Brownian
motion.

Similar figures are plotted to represent this phenomena in Figure (13) whose plots are taken for
the same values as the previous figure.

These figures help us in understanding further the behaviour of the particles within the fluid flow.
The semi-log figure at the top of Fig. 13 shows how the effects of Brownian motion (i.e large dif-
fusive coefficients) continue to have an effect (relatively) long after the majority of the particles
have past through the receptor. For instance, the blue, orange, and green graphs have very long
tails (known as breakthrough curves in engineering). These breakthrough curves represent the
particles which did not follow the bulk finally passing through the receptor some time later.

The log-log figure at the bottom of Fig. 13 helps show what happens early and late on in time
more clearly. Once again if we focus on the blue, orange, and green graphs we see that since the
diffusive coefficient is large the is a higher concentration of particles which reach the receptor ini-
tially (since they are less restricted by the advective flow of unity), however they the long tails
representing the particles trickling through (reasons mentioned above) lasts for a relatively long
time (100 seconds); whereas the purple and yellow graphs had all (or if not mostly all) of the par-
ticles pass through the receiver within 10 seconds as they were largely influenced by the advective
driven term.

So with the help of the figures we can see that the behaviour of the fluid flow is heavily influenced
by the advective and diffusive terms, and depending on which term is more powerful will deter-
mine the outcome in the arrival time distribution.
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Figure 13: Comparison of arrival time distributions for different velocities and diffusive rates at
location x = 1.

4.1.2 Mobile-Immbile Transfer Function

The model looks as follows:After studying the advection-diffusion equation we moved on to a
more realistic model which involves adds a reaction term along with the advective and diffusive
terms, known as the advection-diffusion-reaction equation. The whole model itself consisted of a
in-homogeneous advection-diffusion-reaction equation and an ODE which describes the exchange
of free flowing particles from the porous medium to particles which get trapped or stuck within
the porous medium. The solution we arrived at from studying this model is the following:

c̃(XR, s) =

√
π

2ζ2(s)
e−Lζ(s), ζ(s) =

√
P 2 +

s (s+ 2Da)

(s+Da)
(32)

Where we have the same solution given in (??) but in a non-dimensionalised form, with Pe and
Da represendting the Peclet and Damkohler numbers.

Once again to analyse the behaviour of the solution we plot multiple figures of it for its varying
parameters. In this case the varying parameters are the Peclet number (Pe), defined as the ratio
between the velocity and diffusion coefficients, and the Damkohler number (Da), related to the
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strength of the mass transfer. Four figures can be seen below. Each figure is plotted using the
same varying values, however the axis are scaled differently; one is a linear plot (and a zoomed in
version), another a semilog plot, and lastly a loglog plot.
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Figure 14: Arrival time distribution with a velocity = 1 and varying values for Pe and Da (left).
A zoomed in arrival time distribution with a velocity = 1 and varying values for Pe and Da

(right).

What these first two (linearly scaled) figures are showing is the probability distribution of parti-
cles travelling through the porous medium. Since the velocity of the system is taken to be equal
to 1 and we have parameterised the distance between the transmitter and receiver to also be 1
then we would expect the distribution profile of the particles in the system to be centralised around
time equal to 1 (which is what is shown by the figures); i.e the majority of the particles will reach
the receiver after one second since the advective term is usually more prominent than the diffusive
term and it is set at unity.

However, as can be seen from the figures the distribution profile changes depending on the val-
ues given to the parameters Pe (Peclet) and Da (Damkohler). These two parameters define how
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strong the diffusive term will be and how strong the exchange rate of particles from the mobile
part of the porous medium to the immobile part of the porous medium will be, respectively. So
if we increase the value of the Pe number (decrease the power of the diffusive term) we will ex-
pect the advective terms to be even more powerful and thus the profile should be even more cen-
tralised around 1 second, and if the Pe number is reduced (increase the power of the diffusive
term) we will expect there to be a less defined distribution around 1 second (not as prominent
a peak). Looking at the figures this is exactly what we see, when the diffusive term is not as sig-
nificant the peak is larger at 1 second, and when the diffusive term is more significant the peak
is smoothed out (due to the random motion of particles travelling in the medium). For the Da
number we would expect that increasing its value would result in more particles being trapped
and thus having prolonged tails (representing particles reaching the receiver after relatively long
periods of time), and reducing its value would result in less particles being trapped and so not as
much of defined tails.

The other two figures plotted (Fig. 15) are the semi-log- and log-log- scaled plots respectively.
These two figures help us analyse the behaviour of the system by highlighting different features
within it.

From the semi-log plot we can see how the particles which have been trapped can have very long
lasting effects on the system. For instance if we observe the orange line we see that there is a de-
fined peak around 1 second which represents the vast majority of particles reaching the receptor,
but then after around 3-4 seconds we notice a sharp cut off into a very long linearly decreasing
tail. This long tail is caused by the particles that have been trapped finally reaching the recep-
tor after being released back into the free moving porous medium. If we compare this graph to
the graph of the green line, were the Peclet number is the same but Da number is larger (stronger
chance of particles being trapped) then we notice there is not a straight cut off into a long lin-
early decreasing tail. Instead, we see that the graph ends within 10 seconds and this is due to the
fact that there is so little movement of particles within the porous medium due to them being
stuck in the immobile part, and so there is a very small amount of particles reaching the receptor.
From the log-log plot we observe a different pattern forming. What these figures help show is how
the particles are travelling in the early stages as well as the later stages. For instance if we again
look at the green graph we notice that it takes a longer time for the vast majority of particles to
reach the receptor; in fact compared to the purple graph it is of a factor of around 10−14 smaller
until around 0.1 seconds in, were then the green graph begins to increase its concentration of par-
ticles reaching the receptor. This is down to the fact the purple graph has a small Peclet number
(large diffusive coefficient) which means there is a steady concentration of particles reaching the
receptor, and not a bulk of particles which is the case when the advective term is more powerful,
which is true for the green graph. After around 10 seconds we see the green graph start to dip
which means the majority of particles have already reached the receptor.

So, much like the advective-diffusion equation where the advective and diffusive terms drove the
physical features of the system, the same applied in the case of the advective-diffusion-reaction
model equation, with the addition of the exchange rate term (Da number) also having an impact.
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Figure 15: Both figures represent the same transport phenomena in a porous medium but
highlight different features, with the top and bottom graphs having semi-log and log-log axes

respectively.

So in comparing the two model problems (advection-diffusion model and the immobile-mobile
model) we see that they share the same physical properties of the bulk concentration of particles
passing the receiver around the same time when the advective term is dominant, and the disper-
sive nature of the medium when the diffusion term is dominant; with the immobile-mobile model
having an additional property of particles being trapped within the porous medium.

4.1.3 Multi-Phase Flow Model

For two mobile phases the model looks as follows:

Pe1
∂c

∂t
+ Pe1

∂c

∂x
− ∂2c

∂x2
= Da1(b− c) + P (x, t)

Pe2
∂c

∂t
+ Pe2

∂c

∂x
− ∂2c

∂x2
= Da2(b− c) + P (x, t)

db

dt
= (Da1 +Da2)(c− b) (33)
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4.1.4 Multi-Rate-Mass-Transfer Model

For two immobile phases the model looks as follows:

Pe
∂c

∂t
+ Pe

∂c

∂x
− ∂2c

∂x2
=

2∑
i=1

Dai(bi − c) + P

c̃(x, 0; τ) =

2∑
i=1

Daib̃i + P̃

∂b1
∂t

= Da1(c− b1)

∂b2
∂t

= Da2(c− b2) (34)

An analytical solution of this model is derived in Fourier space and time (refer to 4.2.3).

4.1.5 Towards uncertainty quantification: sensitivity analysis

When wanting to analyse a porous medium it is essential to know the values of the parameters
within the system; such as the velocity and diffusion (both associated with the Peclet number),
and the mass transfer rate between mobile and immobile regions (associated with the Damkohler
number). However, knowing the exact value of these parameters is not realistic and so instead we
must look for a range of potential values of these parameters. If we can obtain a sufficient range
which makes physical sense for the system in question, and if we have a rough idea of what we are
looking for/expecting, then the role of Uncertainty Quantification (UQ) and sensitivity analysis
comes in to play.

Q =

T+∆t∫
T−∆t

c(XR, t)dt (35)

What sensitivity analysis does is allow us to obtain an optimal solution for the different values
of parameters given. For instance, if we take our mobile-immobile model solution and take the
quantity of interest (35) (the feature we are interested in, Q) to be the definite area under the
curve (probability of arrival time) between the time units T −∆t and T +∆t (where T is the peak
value of arrival time and ∆t is a time step around T), and if we vary the Peclet and Damkohler
numbers within a suitable range then we obtain the contour map shown in Fig. 16
The reason for the integration range comes from non-dimensionalising the model problem and
normalising the velocity of the system to unity (hence we know the bulk amount of particles should
arrive roughly around 1 unit of time). This mapping shows that there is an optimal value for the
quantity of interest when the value of the Peclet number is high. What this means is that if the
velocity of the porous medium is high then there is a greater probability of the molecules in the
porous medium arriving at the receiver in 1 unit of time.
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Figure 16: Contour map showing integral of mobile-immobile model solution in the range of 0.5
to 1.5 units of time

4.2 Methods and Proofs

4.2.1 Proof of THM 1

Proof. Proving through direct substitution yields the following:

yj =
N∑
i=1

xi

∫ ∞

0

∫ t

0

(
ϕi(t− τ)h(τ ;xR, P e)

)
dτ ϕ̃j(t) dt

=
N∑
i=1

xi
(
δij +O(ϵ)

)
(36)

where the identity (10) from Theorem. 1 is used. Subtracting xj from both sides gives

yj − xj =
N∑
i=1

xi
(
δij +O(ϵ)

)
− xj . (37)

It is a property of the Kronecker delta function that
∑N

i fiδij = fj , and since we are after a sin-
gle input, k = i, we lose the summation and deal strictly with xj and yj . we then produce the
following error in output:
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yj − xj = xj +
N∑
i=1

xiO(ϵ)− xj

= xj +O(ϵ)− xj
= O(ϵ) (38)

Note that taking the L1 norm of this equation is simply just the difference between two points,
and so Eq. 38 is equivalent to writing:

|yi − xi| = O(ϵ). (39)

4.2.2 A procedural approach

The bi-orthogonal approach discussed in section (2.2) is expanded here, with this section dealing
with orthogonal functions in general; with the focus of trying to implement a procedure to solve
the problem of demodulation – the idea being that the use of an algorithmic type process, based
off a proof-by-induction approach, may be suitable to find an optimal solution. One question
which has been birthed recently from our research is, "Can we find a generic function ϕ̃ which
is bi-orthogonal to a generic modulating function ϕ, which is under a convolution operation with a
transfer function h."? Mathematically this question is formulated as follows:∫ ∞

0

[
ϕi(t) ∗ h(xR, t)

]
ϕ̃j dt = δij (40)

where δij is the Kronecker delta, xR represents the location of the receiver, and x is the transmit-
ted signal.

To begin answering this question we will investigate the case where our modulating function (ϕ)
is not shifted in time, but is rather a continuous signal being transmitted, as shown by its argu-
ments in 40. Written another way, the problem we want to answer can be short handed to:〈

ϕi, ϕ̃j

〉
∗h

= δij

where the subscript ’∗h’ notation denotes the scalar product between the convolution of ϕi and h
with ϕ̃j .

With the introduction of the convolution operator another question arises: "Does (40) hold true
with this convolution, or is it best written as

〈
ϕi, ϕ̃j

〉
∗h

= δij + ϵ".? Where ϵ is a small error
term. So, we need to investigate if this scalar product is equal to the Kronecker delta under the
convolution operation, or if it is more correct to say it is approximately equal to the Kronecker
delta.

Assuming
〈
ϕi, ϕ̃j

〉
∗h

= δij then we can try to prove the existence of a solution using proof by
induction (of sorts). I.e: 〈

ϕ1, ϕ̃1

〉
= 1
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〈
ϕ1, ϕ̃2

〉
= 0〈

ϕ2, ϕ̃2

〉
= 1

.

.

.

where we have dropped the subscript ’∗h’ notation for convenience.

For our first case let’s take ϕ1(t) = δ(t). In this case, for
〈
ϕ1, ϕ̃1

〉
= 1 to hold we can choose ϕ̃1 to

be a constant function (say the Heaviside function). So
〈
ϕ1, ϕ̃1

〉
= 1 is satisfied. What we have

accomplished is effectively the ’switching on’ of the first signal (modulated by ϕ) sent; now how
do we ’switch off’ the signal? To do this we must satisfy

〈
ϕ1, ϕ̃2

〉
= 0, where ϕ̃2 is the generic

function to switch off the first signal sent. Writing the problem out explicitly:∫ ∞

0
[ϕ1 ∗ h] ϕ̃2 dt = 0 (41)

Some algebraic manipulation reduces this equation in the following way:

∫ ∞

0
[ϕ1 ∗ h] ϕ̃2 dt = 0, x ̸= 0∫ ∞

0

[
ϕ1(t) ∗ h(xR, t)

]
ϕ̃2(t) dt = 0 (42)

The trivial solution is ϕ̃2 = 0, but this is of no use because this would suggest sending a modu-
lated signal without any external modification, which would not work (as nature will only influ-
ence the signal). So if ϕ̃2(t) ̸= 0 then we must solve (42).

To move forward let us substitute simple functions (42). we’ll keep ϕ1(t) = δ(t) and take h(xR, t)
to be the inverse Gaussian. Thus, we yield the following equation:∫ ∞

0

[
δ(t) ∗

√
Pe

4πt
e−Pe

(xR−t)2

4t

]
ϕ̃2(t) dt = 0 (43)

where Pe is the Peclet number. Manipulating this equation yields the following algebra:

∫ ∞

0

∫ [
δ(t− τ)

√
Pe

4πt
e−Pe

(xR−t)2

4t dt

]
ϕ̃2(t) dt = 0

⇐⇒
∫ ∞

0

[√
Pe

4πτ
e−Pe

(xR−τ)2

4τ + a1

]
ϕ̃2(t) dt = 0

⇐⇒

[√
Pe

4πτ
e−Pe

(xR−τ)2

4τ + a1

]∫ ∞

0
ϕ̃2(t) dt = 0 (44)
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where a1 is a constant of integration.

Since we do not know anything about ϕ̃2 we cannot take this any further. however, we can de-
duce the following can hold:

a1 = −
√

Pe

4πτ
e−Pe

(xR−τ)2

4τ

If this holds true then we have obtained a solution to
〈
ϕ1, ϕ̃2

〉
= 0. However, what we notice is

that this identity is not dependent on ϕ2 but instead depends on the arbitrary constant arising
from the convolution of ϕ1 and h.

The deduction to take from this is summarised in the statement below:

"If we send a signal from the transmitter modulated by a function which has a certain ampli-
tude and direction, then we can demodulate the signal by sending out a generic function from the
receiver which has the same amplitude of the modulating function, but in the opposite direction."

By this I claim that if we send a modulating function at time instant t with magnitude A, then
we can demodulate this function (without error), obtaining the original signal sent, by sending
another signal with the same magnitude, A, but in the opposite direction.

4.2.3 Fourier in time (and space?)

We now move onto a more realistic model known as the multi-rate mass transfer model (MRMTM)
(see appendix, 4.1.4). the MRTM is an extension of the mobile-immobile model (MIM) where it
encompasses not just one immobile phase but N many immobile phases. We look at the 1D ver-
sion of this model as done with the ADE model discussed previously, but note we can make the
model further realistic by studying its 3D version along with a porosity term; this is studied in
the work done by Federico Municchi and Matteo Icardi where they also provide a derivation of
the model [39].

The mobile-immobile model is a coupled differential equation consisting of the governing equa-
tion (45), which describes the motion of the mobile concentration with a relation to the immobile
concentration, and the equation describing the rate of change of the immobile concentration (46).

Pe
∂c

∂t
+ Pe

∂c

∂x
− ∂2c

∂x2
=

N∑
j=1

βj(bj − c) + P (45)

c(x, 0) = 0
∂bj
∂t

= βj(c− bj) (46)

Looking at (45) we can perform the Fourier Transform on it in time, yielding:
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Pe
1

2π

∫
is c̃eist ds+ Pe

1

2π

∫
∂c̃

∂x
eist ds− 1

2π

∫
∂2c̃

∂x2
eist ds = (47)

N∑
j=1

βj

(
1

2π

∫
bje

ist ds− 1

2π

∫
c̃eist ds

)
+

1

2π

∫
Peist ds (48)

(49)

⇔

∫ 
Pe is+

N∑
j=1

βj

 c̃+ Pe
∂c̃

∂x
− ∂2c̃

∂x2

 eist ds =

∫ P̃ +
N∑
j=1

βj b̃j

 eist ds (50)

For this equality to be satisfied it must mean the terms within the integrand equate. Thus:Pe is+
N∑
j=1

βj

 c̃+ Pe
∂c̃

∂x
− ∂2c̃

∂x2
= P̃ +

N∑
j=1

βj b̃j (51)

Let us look at the PDE describing bj :

∂bj
∂t

= βj(bj − c), j = 1, 2 (52)

Using Fourier in time yields:

1

2π

∫
isb̃je

ist ds = βj

(
1

2π

∫
b̃je

ist ds− 1

2π

∫
c̃eist ds

)
(53)

Which can be solved to obtain:

b̃j =
βj

βj − is
c̃ (54)

Substituting this into (51) gives:Pe is+
N∑
j=1

(
1− βj

βj − is

)
βj

 c̃+ Pe
∂c̃

∂x
− ∂2c̃

∂x2
= P̃ (55)

For a generic source term P̃ this problem can be solved for our concentration c̃. However, for
modulation purposes we choose P to be our carrier function which takes the form of a Dirac delta.
This means that trying to solve this PDE for a specific source term P̃ is difficult

To navigate through this mathematical problem we make use of the Fourier Transform in space
on (55), yielding:
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1

2π

Pe is+
N∑
j=1

(
1− βj

βj − is

)
βj

∫ ˜̂c eikx dk +
1

2π
Pe

∫
˜̂cik eikx dk (56)

− 1

2π

∫
−k2˜̂ceikx dk =

1

2π

∫
˜̂
Peikx dk (57)

Since eikx ̸= 0 we reduce this further into its simplest form:Pe(ik + is)− k2 +
N∑
j=1

(
1− βj

βj − is

)
βj

 ˜̂c =
˜̂
P (58)

Solving explicitly for ˜̂c gives:

˜̂c =
˜̂
P

Pe(ik + is)− k2 +
∑N

j=1

(
1− βj

βj−is

)
βj

(59)

We now have an explicit solution of c, with the caveat of it being in Fourier space and time; how-
ever this is not necessarily negative as information transfer exists in frequency space too (refer to
relevant section here), and so some analysis can be made here.

4.2.4 3D code

An extension of this work is to use existing code developed by my research group to provide fig-
ures and simulations of C̃ for every point in space. The aim would then be to apply these results
obtained to multiple input multiple output (MIMO) systems. For the time being this is future
work and will be investigated at a later date.

4.2.5 Oscillatory channel

Focusing on Eq. 10 we can deduce identities for specific cases of ϕi(t) and h(t). For instance, in a
porous medium which has immobile section for fluid flow, you can observe higher concentrations
and lower concentrations of information passing through at different times, due to retention of the
information within these immobile sections of the porous medium, creating an oscillatory feature
of the information transfer. This oscillatory case h(t) = sin(kt), for some k ∈ R we show to have
the following identity:

∫ ∞

0
sin(k(t− Ti))ϕ̃j(t) dt = −1

k
[cos(k(t− Ti))ϕ̃j(t)]

∞
0 +

1

k

∫ ∞

0
cos(k(t− Ti))ϕ̃

′
j(t) dt

= −1

k
[cos(k(t− Ti))ϕ̃j(t)]

∞
0 +

1

k2
[sin(k(t− Ti))ϕ̃

′
j(t)]

∞
0 −

1

k2

∫ ∞

0
sin(k(t− Ti))ϕ̃

′′
j (t) dt

= δij +O(ϵ)
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Taking some large value R >> 1 as R → ∞ and multiplying by k2 we obtain the following:

−
∫ R

−Ti

sin(kτ)ϕ̃′′
j (τ + Ti) dτ + [sin(kτ)ϕ̃′

j(τ + Ti)− k cos(kτ)ϕ̃j(τ + Ti)]
R
0 = k2(δij +O(ϵ)) (60)

where τ = t− Ti. Doing this calculation explicitly, under the assumption ϕ̃j(t) → 0 as t → ∞, we
have:

−
∫ R

−Ti

sin(kτ)ϕ̃′′
j (τ + Ti) dτ + sin(kR)ϕ̃′

j(R+ Ti)− sin(−kTi)ϕ̃
′
j(0)− k cos(kR)ϕ̃j(R+ Ti)

+ k cos(−kTi)ϕ̃j(0)

= −
∫ R

−Ti

sin(kτ)ϕ̃′′
j (τ + Ti) dτ +

(
sin(kR) + sin(kTi)

)
ϕ̃′
j(0)

− k
(
cos(kR)− cos(kTi)

)
ϕ̃j(0)

If τ = nπ
k , R = mπ

k , Ti =
iπ
k , with n = i = 1, 2, ...,m, where m ∈ N and m >> 1, then we have:

− k
(
cos(mπ)− cos(iπ)

)
ϕ̃j(0) = k2(δij +O(ϵ)) (61)

which then yields:

ϕ̃j(0) =
k(δij +O(ϵ))

cos(iπ)− cos(mπ)
(62)

setting i = j results in:

ϕ̃i(0) =
k(1 +O(ϵ))

cos(iπ)− cos(mπ)
(63)

That is our demodulating function is

ϕ̃j(0) =
k

cos(iπ)− cos(mπ)
(64)

with some error O(ϵ)
cos(iπ)−cos(mπ) of order ϵ.

Taking instead τ = nπ
2k , R = mπ

2k , and Ti =
iπ
2k with n = i = 1, 2, ...,m then we have:

−
∫ R

−Ti

sin(
nπ

2
)ϕ̃′′

j (
(n+ i)π

2k
) dτ +

(
sin(

mπ

2
) + sin(

iπ

2
)

)
ϕ̃′
j(0) = k2(δij +O(ϵ)) (65)

What is clear is that the function ϕ̃j(0) evaluated at zero is dependant on the cosine function.
However, its derivatives at zero are dependant on the sine function. That is the rate at which
ϕ̃j(0) changes corresponds to a phase shift of the sinusoidal functions.
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4.2.6 Expansion of ϕ̃j

Take ∫ T

0

N∑
i=1

sin(k(t− Ti))ϕ̃j(t) dt = δij (66)

where we now expand ϕ̃j as a sum of sinusoidal functions

ϕ̃j(t) =
a0
2

+

N∑
j=1

aj sin(kt) + bj cos(kt). (67)

Substituting this (67) into (66) and setting T = Ti +
2π
k gives the following

∫ Ti+
π
k

Ti−π
k

 N∑
i=1

sin(k(t− Ti))[
a0
2

+
N∑
j=1

aj sin(kt) + bj cos(kt)]

 dt = δij (68)

where we integrate over one full period around Ti. Setting i = j ̸= 0 and expanding out through
use of trigonometric identities yields:

∫ Ti+
π
k

Ti−π
k

aia0
2

sin(k(t− Ti)) + a2i

(
sin2(kt) cos(kTi)− sin(kTi) cos(kt)

)
+ aibi

(
sin(kt) cos(kt) cos(kTi)− sin(kTi) cos

2(kt)
)
dt = 1

where we can simplify further through orthogonality identities, resulting in:∫ Ti+
π
k

Ti−π
k

aia0
2

sin(k(t− Ti)) + a2i cos(kTi)− aibi sin(kTi) dt = 1. (69)

Performing the integral gives:

1 =

[
−aia0

2k
cos(k(t− Ti)) + a2i cos(kT i)t− aibi sin(kTi)t

]Ti+
π
k

Ti−π
k

= −
(
1− cos(kTi)

) aia0
2k

+
(
a2i cos(kTi)− aibi sin(kTi)

)
(Ti +

2π

k
) (70)

Setting different values for Ti will yield relationships between ai and a0.

Taking i ̸= j and referring back to Eq. 68 yields:

Instead now take ϕ̃j to be piece-wise linear such that
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ϕ̃j(t) =



A1t+B1, in t ∈ [T1, T2].

.

.

.

Alt+Bl, in t ∈ [Tl, Tl + 1]

(71)

In order to satisfy the continuity of ϕ̃j we must enforce

Altl+1 +Bl = Al+1tl+1 +Bl+1. (72)

This condition makes the curve piece-wise linear. Re-arranging we can obtain the following:

Bl+1 = Bl + (Al −Al+1)tl+1 (73)

If we take N piece-wise linear curves then we have N equations. Substituting into (66) gives:

N∑
l=1

∫ Tl+1

Tl

sin(k(t− Ti)) (Alt+Bl) = −1

k
[cos(k(t− Ti)) (Alt+Bl)]

Tl+1

Tl

+
1

k

∫ Tl+1

Tl

cos(k(t− Ti)) (Alt+Bl)
′ dt

− 1

k
[cos(k(t− Ti)) (Alt+Bl)]

Tl+1

Tl
+

1

k

∫ Tl+1

Tl

cos(k(t− Ti))Al dt

=

N∑
l=1

−1

k
[cos(k(t− Ti)) (Alt+Bl)]

Tl+1

Tl

+
N∑
l=1

1

k

∫ Tl+1

Tl

cos(k(t− Ti))Al dt

=

N∑
l=1

− 1

k2

(
[sin(k(t− Ti))Al − k cos(k(t− Ti))(Alt+Bl)]

Tl+1

Tl

)
−

N∑
l=1

∫ Tl+1

Tl

sin(k(t− Ti)) ∗ 0 dt

=

N∑
l=1

(
− 1

k2

(
[sin(k(t− Ti))Al − k cos(k(t− Ti))(Alt+Bl)]

Tl+1

Tl
)
))

= δij
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4.3 Singular Value Decomposition

SVD is a mathematical tool which allows for the factorisation of any generic matrix into three
other matrices. These matrices are factorised in such a way that as we move along its columns
the entries become less important compared to the earlier columns. This is what allows for nice
approximations to be made as we are able to omit some (if not most) of the SVD matrix, and still
yield very approximate results.

For instance, if we take our transfer matrix H we are able to factorise it into its SVD form, which
is given to be:

Hp×q = Up×pΣp×qV
T
q×q =



. . . . . .

. . . . . .

. . . . . .
U1 U2 . . . Up

. . . . . .

. . . . . .





σ1 . . . . . .
. σ2 . . . . .
. . . . . . .
. . . . . . .
. . . . . . .
. . . . . . .
. . . . . . σq





. . . . . .

. . . . . .

. . . . . .
V T
1 V T

2 . . . V T
q

. . . . . .

. . . . . .


(74)

where U is a pxp unitary matrix, Σ is a pxq singular diagonal matrix, and VT is a qxq unitary
matrix. The singular matrix is ordered in such a way that σ1 > σ2 > ... > σq, giving rise to
what we call order of importance. This ordering is what causes the earlier columns of the unitary
matrices to be more important (or prevalent) in capturing the processes of the system. However,
working with this full SVD is not idea and so the creation of reduced SVD’s were introduced to
make this tool more appropriate for certain situations.

4.3.1 Reduced SVD

It is often inconvenient to use the full SVD as it uses excess computational power than is actu-
ally needed for solving most problems. In order to be cost efficient with regards to computational
power there are multiple ways to reduce the SVD and still yield exact or approximate solutions.
The first reduced SVD we will discuss is what is commonly referred to as the econ SVD (or thin
SVD). It is defined as the following:

Hp×q = Ûp×qΣ̂qxqV
T
qxq =



. . . . . .

. . . . . .

. . . . . .
U1 U2 . . . Uq

. . . . . .

. . . . . .





σ1 . . . . . .
. σ2 . . . . .
. . . . . . .
. . . . . . .
. . . . . . .
. . . . . . .
. . . . . . σq





. . . . . .

. . . . . .

. . . . . .
V T
1 V T

2 . . . V T
q

. . . . . .

. . . . . .


(75)

where the dimensionality of the left matrix reduces, along with the dimensionality of the singular
matrix. This reduction in dimension is due to only the non-zero entries of the singular matrix Σ
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being considered, and is denoted by the ˆ̇notation. This means that the rest of the matrix is omit-
ted and thus the dimension of U reduces (multiplication by zero yields nothing). Thus we end up
with the reduced SVD Eq. (75), which remains exactly equal to H.

In some cases, such as the case this report deals with, it is convenient to further reduce the SVD
matrix. In doing so, the SVD is no longer exactly equal to H but instead is an approximation of
it. This is because this further reduced SVD (known as the truncated SVD) takes only the first r
columns of U (r << p), first r block of Σ, and r columns of VT.

Hp×q ≈ Hp×r = Ũp×rΣ̂rxrV
T
rxr =



. . . . . .

. . . . . .

. . . . . .
U1 U2 . . . Ur

. . . . . .

. . . . . .





σ1 . . . . . .
. σ2 . . . . .
. . . . . . .
. . . . . . .
. . . . . . .
. . . . . . .
. . . . . . σr





. . . . . .

. . . . . .

. . . . . .
V T
1 V T

2 . . . V T
r

. . . . . .

. . . . . .


(76)

Where the truncated SVD is denoted by the ˜̇notation. This truncation of the first r columns
relates to the truncation of the first m modes (or symbols) of our signal. How approximate this
truncated SVD is in capturing the features of the modulation process depends on how many sym-
bols we take into consideration. The more symbols we take the more accurate the approximation
becomes. As an illustrative example we can take the image of H and plot it as follows:
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Figure 17: This is the ’image’ of the Toeplitz transfer matrix H.

This is the image produced when plotting the Toeplitz transfer matrix in MATLAB using the im-
agesc command. To compare the efficiency of the SVD and truncated SVD we will use the same
command to plot these images for varying values of our symbol parameter m. The result is shown
below:
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Figure 18: This is the SVD and truncated SVD for varying parameter values of m = 5, 20, 50, out
of a total of 500 possible symbols.

It is cleat that as we increase the number of symbols we get a closer approximation to the original
H. To give some quantitative values it is useful to plot singular values of the matrix Σ and the
cumulative energy values for increasing number of symbols. The results are shown below:
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Figure 19: The singular values of the matrix Σ are plotted on the left to show the more dominant
entries in the matrix. The cumulative energy is plotted on the right, showing the amount of

energy captured by the SVD approximation depending on the number of symbols used.

It is clear to see that the most dominant terms in the singular matrix are captured in the first
few symbols, and thus we can justify omitting the latter symbols as they are not as ’important ’
in capturing the features of the system. When observing the cumulative energy plot is also clear
that as we increase the number of symbols used we approach the total energy of the system, which
is to be expected. This is because as we keep increasing the number of symbols used, we are ap-
proaching the total number of symbols used (500 in this case), which would effectively be the full
SVD. What both these plots show is that the number of symbols needed to use to get a good
approximation of the system is not many. In fact, the cumulative energy plot shows that only
a fraction of the symbols are required to achieve a high energy output. So now the question be-
comes how do we quantify good? I believe the next step here is to use principal component anal-
ysis (PCA), which provides a hierarchical system for our modulating and demodulating functions.
This allows for a more rigid statistical analysis/interpretation of the work done so far using just
solely SVD, opening up a data driven approach to be explored in the future.
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