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Abstract

In wireless communication, Zadoff-Chu (ZC) sequences are often used for synchro-
nisation between transmitters and receivers due to their advantageous mathemat-
ical properties. They are extensively used in LTE and 5G systems, as well as for
UAV communications and various other applications. Blind detection of ZC se-
quences, meaning that their structural parameters are unknown, has applications
for security and privacy. However, blind ZC sequence detection is computationally
expensive, especially for longer sequences, restricting deployment to centralised
processing platforms.

This thesis investigates hardware efficient algorithms for the detection of ZC
sequences for deployment on resource-constrained edge devices. We simulated and
evaluated three algorithms: time-based cross-correlation, fast cross-correlation,
and phase difference estimation. The results demonstrated that both cross-correlation
algorithms achieved acceptable performance down to a Signal-to-Noise Ratio (SNR)
of -14 decibels. However, the time-based cross-correlation consumed 10 times the
energy, rendering it impractical. In contrast, the phase difference estimation al-
gorithm consumed 10 times less energy than the fast cross-correlation algorithm,
but the acceptable performance was limited to SNRs above -6 dB.

To further reduce energy consumption, these algorithms were also modified.
This yielded significant power savings proportional to the modification degree;
however, performance decreased accordingly. Consequently, these trade-offs demon-
strate that the optimal algorithm and modification configuration depend on the
intended SNR environment, providing a dynamic low-power solution.

Keywords: Zadoff-Chu sequences, Signal detection, Energy efficiency.
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Popular Science Summary

When communicating wirelessly, a fundamental challenge is determining exactly
when a message starts and stops. If the receiver is off by even a fraction of
a second, the entire message can be corrupted. To prevent this, systems use
a digital handshake called a synchronisation sequence. This sequence tells the
receiver exactly when to start listening, synchronising it to the transmitter.

While many types of synchronisation sequences exist, Zadoff-Chu sequences are
widely used. For example, in drone communications, they are used to synchronise
and stabilise live video footage. These sequences can both vary in length and shape,
providing a large set of unique sequences. Because an operator and device share
a known sequence, they can easily find each other. However, this synchronisation
sequence also acts as a digital flag. Surveillance and security systems can use this
flag to detect unauthorised devices and potentially intercept the data transmitted.

The catch is that these security systems don’t know what specific sequence
the devices use. So, to detect a rogue device, they need to test a large number
of possibilities. This process is so computationally expensive that the detection
systems are bound to heavy stationary computer systems such as desktop PCs
or servers. Bringing these security systems onto lightweight portable devices like
microcontrollers is difficult.

Therefore, this thesis investigates alternative algorithms and modifications to
reduce computational requirements. Through simulations, this study maps out
a range of flexible options in which detection performance is traded for reduced
computational requirements. Ultimately, this framework allows the user to select
the exact performance required for their device, minimising excess compute.
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Introduction

1.1 Background

In wireless communication, synchronisation between transmitter and receiver is
crucial. The receiver needs to detect when signal transmission begins for commu-
nication to be possible. This is commonly achieved by using a synchronisation
sequence before or during transmission. For example, in Orthogonal Frequency
Division Multiplexing (OFDM), Zadoff-Chu (ZC) sequences can be utilised as a
synchronisation sequence. ZC sequences are widely adopted due to their ideal cor-
relation properties, allowing precise timing acquisition even in dynamic conditions
[1]. The two defining parameters of ZC sequences, sequence length and root value,
determine their auto- and cross-correlation properties. For a given sequence length
N, the root value can take the values ¢ = 1,2, ..., N — 1. Each root value constructs
a unique ZC sequence of length N.

This thesis addresses the problem of identifying a ZC sequence and its root
value, as well as finding its position within a longer noisy signal sequence. For
short ZC sequences, this is relatively simple, but the complexity quickly increases
with increasing sequence length. Not only does the possible number of root val-
ues increase with sequence length, but so does the computational cost required to
evaluate for each such. In standardised OFDM-based systems like LTE and 5G,
where the possible root values are predefined, the overall problem is reduced to
identifying the ZC sequence location. However, for non-standard OFDM-based
systems, the possible sequence lengths and root values are unknown at identifica-
tion, necessitating novel approaches to overcome the high computational cost of
conventional search methods.

1.2  Motivation

These non-standard OFDM systems are, for example, used by Unmanned Aerial
Vehicle (UAV) vendors [2]. Unauthorised UAV activity poses significant risks to
critical infrastructure, public safety, and privacy, making real-time detection and
monitoring essential for airspace security and regulatory compliance. However,
the high computational cost of detecting non-standard OFDM signals limits real-
time detection to centralised processing platforms such as high-end desktop PCs
or dedicated servers.



2 Introduction

Enabling the capability of performing ZC detection and root estimation on
edge devices is an important step toward providing more flexible and responsive
risk management. However, for this to be feasible, the constraints on power-
restricted edge devices must be addressed.

While UAV detection serves as a motivating example, it reflects a broader
challenge in making non-standard OFDM signal detection possible on resource-
constrained edge devices. To address this challenge, hardware-accelerated algo-
rithms that meet strict compute and power constraints while maintaining accept-
able detection performance are needed.

1.3  Previous works

Several studies have addressed ZC sequence detection, and the detection method
outlined in [3] serve as a basis for this thesis. Although they use a similar de-
tection method to one of those explored in this thesis, they do not consider the
energy-related computational cost required for hardware-level algorithm execution.
Furthermore, the study assumes that a ZC sequence of known root appears with
a set time offset from the ZC sequence with an unknown root. This simplifies the
problem since the known-root ZC sequence can be used to acquire timing before
performing root estimation of the unknown-root ZC sequence.

The method outlined in [4] shows that ZC sequence detection and, more impor-
tantly, root estimation can be performed at a very low computational complexity.
This is done by differentiating the signal twice. Doing this to a ZC sequence trans-
forms it into a constant, where the phase depends on the root. Finding the average
phase of a signal containing a ZC sequence, therefore, approximates the root. This
method is incredibly efficient computationally, avoiding the need to compare the
signal with ZC sequences of different roots entirely. It does have its drawbacks,
however. The main issue is that the method only works for low-noise scenarios.
In noisy environments, it cannot reliably estimate the root of the ZC sequence.

1.4 Project Aims

This thesis aims to develop and simulate hardware-efficient methods for detect-
ing ZC sequences of known length by selecting prominent base algorithms and
improving those with power-saving modifications. These modifications reduce en-
ergy use by either decreasing the number of operations or by lowering the cost per
operation.

In this thesis, the proposed modifications are primarily made with Application
Specific Integrated Circuit (ASIC) implementation in mind. Nonetheless, some of
the proposed modifications are generic and can be applied to a variety of realisation
platforms, such as Field Programmable Gate Arrays.

1.5 Thesis structure

This thesis is structured as follows:
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e Chapter 2: Theoretical Background - Contains theoretical background
to follow the thesis.

e Chapter 3: Problem Formulation - Presents the detection task and
assumptions made.

e Chapter 4: Methodology - Explains the algorithms and modifications
as well as how they were tested and evaluated.

e Chapter 5: Results - Presents the results in figures and tables.

e Chapter 6: Discussion - Analyses the results, highlights promising algo-
rithms and modifications and discusses limitations of the study.

e Chapter 7: Conclusion and Future Works - Summarises the findings
and covers possible future works.
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Chapter 2

Theoretical Background

This section introduces the background information necessary to understand the
later sections of the thesis. It covers Zadoff-Chu sequences, the basics behind
signal detection, dynamic power, methods to reduce power consumption, and per-
formance metrics used for the evaluation.

2.1 Zadoff-Chu Sequences

ZC sequences are sequences of complex values that have specific properties which
make them useful for wireless communications protocols. They are widely adopted
for many purposes in LTE and 5G communications [1]. ZC sequences belong to
a family of sequences called Constant Amplitude Zero Autocorrelation (CAZAC)
sequences.

The general formula for an odd-length ZC sequence s4[n] is

sqln] = exp (jwq”(j‘v”) (2.1)

zc
, where the odd number N,. € N is the length of the sequence,n = 0,1,..., N, — 1
is the sequence index, and ¢ = 1,2,...,N — 1 is the root value. Notation may
vary throughout literature (g is commonly replaced with either u or r and ¢ may
occasionally be used to explicitly describe a cyclic shift), but this is the notation
that will be used throughout the thesis. The first of the two properties that
CAZAC sequences share, constant amplitude, means that |s,[n]| = 1 for all values
n. The second, zero autocorrelation, means the correlation between two identical
sequences will be non-zero only when the cyclic shift is 0 [1]. A cyclic shift of m
means the indexing changes, with n being replaced by (n +m) mod N,. in the
formula.

Another useful property for ZC sequences is their ideal cross-correlation prop-
erty. Two ZC sequences with equal length N,. and different root values ¢; and
g> will have a constant cyclic cross-correlation of v/IV,.. Note that this property
only holds when |¢; — ¢g2| and N, are coprime, meaning the only natural number
evenly dividing both numbers is 1 [1]. For this reason, prime length ZC sequences
are commonly used. This way, all root value pairs will be coprime to N,..
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2.1.1 Mathematical Observations of Zadoff-Chu Sequences

Taking the phase difference of a ZC sequence s4[n] will result in a complex sinusoid

with linear phase. This is shown in the equation below, where w = 7.

dq[n] — sq[n]sq[n — 1] — e—jwn(n—1)+jw(n—1)(n—2) _ e—2jwn (22)

From the expression, it can be seen that the complex sinusoid has a frequency
defined by 2w = 27%. This frequency scales linearly with the root ¢ and is inversely
proportional to the sequence length N. Consequently, if the sequence length is
known, the set of all possible frequencies can be pre-calculated.

Note that this property holds for other signals with quadratic phase z[n] =

j(an?+bn)

e and is thus not unique for ZC sequences.

ej(an2+bn) " e—j(a(n—1)2+b(n—l)) _ ej(a(2n—1)+b) (23)

2.2  Cross-Correlation

Cross-correlation is a mathematical operation that provides a measure of similarity
between two time signals at different time offset 7. Cross-correlation between two
continuous signals f and g is defined as

(Fxg)(r / TAglt + 7 (2.4)

, where t is the time and m is the complex conjugate of f[t]. Larger cross-
correlation values mean a higher degree of similarity between the two signals.

When cross-correlating finite, discrete functions, ¢t and 7 are replaced with
discrete indices m and n respectively, modifying the equation to a non-cyclic cor-
relation

M-
(fx9)| Z g[m + n] (2.5)
m=0
which is valid for values of n such that the indices m + n remain within the
valid range of g. Here, M is the length of f, which is assumed to be the shorter
sequence. This equation can be interpreted as a dot product between the complex
conjugate sequence f[m] and a shifted window of g of length M, where n is the
offset shift. The offset can be seen as an index for where a window on g should be
placed, which determines where the dot product is computed. By sweeping over all
offsets n = 0,1, ..., L—1 (sliding the window), a vector is created where each index
represents an offset. The index with the highest value indicates which offset yields
the maximum overlap. Correlating all possible offsets becomes computationally
expensive since a dot product of length N is computed for each possible offset,
resulting in a computational complexity of O(NL).
When working with complex values, such as ZC sequences, the cross-correlation
for each offset is a complex number. If either f or g is phase-shifted, as is often the
case for real signals, the resulting cross-correlation will also be phase-shifted by
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the same amount. However, the magnitude will be unaffected. It is therefore ad-
vantageous to take the magnitude of the cross-correlation as it yields the similarity
independent of phase differences.

2.3 Fourier Transform

The Fourier transform is a mathematical operation, denoted as F, which converts
a time domain signal into its frequency domain representation [5]. It is based on
the fact that any signal which is well-behaved in the sense that a Fourier transform
exists can be transformed using the formula

FUO) = P = [ swetar (2.6

, where f(t) is the signal value at time ¢ and w is the angular frequency. The
resulting output F'(w) is a complex-valued function that describes the amplitude
and phase for each frequency wave component [5].

According to Euler’s formula, e=7*? can be expressed as cos(wt) — jsin(wt).
Therefore, f(t)e=7“! can be seen as an operation that measures how well each
point in the time domain matches its corresponding time point on the cosine and
sine wave. If the points match well, F(w) will have a large magnitude, and it
means there is a high similarity between the input signal and the complex expo-
nential basis. Essentially, the magnitude of F'(w) shows how much each frequency
contributes to the signal.

2.3.1 Inverse Fourier Transform

There is also a mathematical operation called the inverse Fourier transform, de-
noted as F~!, which converts a frequency domain representation back into its time
domain signal. It is given by

FUFW)) = f(t) = %/m P(w)eit du (2.7)

— 00

, see [5].

2.3.2 Discrete Fourier Transforms

In real-life applications, it is not possible to sample a signal from —oo to oo, nor is it
possible to sample with infinitely small time steps, i.e., infinite sampling frequency.
To still be able to use the Fourier transform and inverse Fourier transform on
sampled signals, different formulas suited for discrete and finite signals have to be
used. The discrete Fourier transform is defined, see [6], as

N—-1
Fy= foc /73" (2.8)
n=0

, where N is the number of samples, f, is the value of sample n, and k is the
number of cycles per N samples.
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Similarly, the discrete inverse Fourier transform is defined as

1 = ok
fn = N Z erjzﬂﬁn (29)
k=0

Implementing Equation (2.8) and Equation (2.9) as stated would result in a
time complexity of O(n?). However, thanks to the symmetry in the formulas, it is
possible to calculate the discrete transforms with a time complexity of O(nlog(n))
[7]. Algorithms utilising this have been given the fitting names of fast Fourier
transform (FFT) and inverse fast Fourier transform (IFFT). An excellent example
of this is the radix-2-Cooley-Tukey algorithm, which uses a divide-and-conquer
approach to compute the DFT and is used in this thesis. A discrete-time signal
of length N (where N is a power of two) is first divided into groups of two. The
algorithm then processes data through a series of stages. In each stage, the odd
and even indices within the groups are paired. For each pair, the odd-indexed
element is multiplied by a twiddle factor, which is a complex phase constant with
an amplitude of one. This modified odd-index element is then both added to and
subtracted from the paired even-indexed element. The resulting sum becomes
the new even-indexed element, while the difference becomes the new odd-indexed
element. These elements are then merged with the neighbouring group, doubling
the group size to 4, passing as inputs to the next stage, where the process repeats.
This recursion stops once there are no more groups to combine. Each stage requires
N additions and N/2 multiplications. Because the group size doubles each stage,
the total number of stages equals log,(NN) [8]. If the original sequence length is
not a power of two, the signal can be padded with zeros to the nearest power of
two

2.3.3 Fast Cross-Correlation

The cross-correlation for all offsets of two time domain signals can be calculated by
multiplying the corresponding Fourier transforms, where one has been conjugated,
and taking the inverse Fourier transform [9]. The formula for this is

ft)*g(t) = FH(F(w) - G(w)) (2.10)

It shows how a complex mathematical operation in the time domain can be sim-
plified to multiplication in the frequency domain. In the time domain, the time
complexity would be O(n?), but by using the relationship above in combination
with an FFT and IFFT for the transforms, the time complexity can be reduced
to O(nlog(n)).

2.4 Power Consumption

Power consumption in digital electronics consists of two components, static power
and dynamic power. Static power is constant and is primarily due to transistors
not fully turning off, causing a leaking current. Dynamic power is the power
dissipated when the capacitive load switches between two voltage states, high to
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low or vice versa. It depends on the clock frequency f, the supply voltage V4,
the capacitance C, and the activity ratio a. Accordingly, dynamic power can be
expressed as

denamic = Cvd%iaf (211)
, see [10].

2.4.1 Power Consumption During Arithmetic Operations

The mathematical functions relevant for this thesis, such as Fourier transforms
and cross-correlations, are constructed of simple additions and multiplications.
Looking at the energy consumption of performing these operations, it becomes
clear that multiplications are much more expensive. The average energy cost of
performing an addition of bit length L using a standard ripple carry adder scales
as O(L) [11]. Meanwhile, if one builds a multiplier using the same components, the
energy cost would scale as O(L?). It would therefore be advantageous to perform
additions instead of multiplications if at all possible, especially if working with
large bit lengths. Similarly, divisions are even more complex and impose even
higher energy costs than multiplications [12]. On hardware, integer divisions or
multiplications by a power of 2 are equivalent to a bit shift, which is free, as it
simply involves the rewiring of cables. However, this can only be implemented
where the multiplier or denominator is predetermined.

These energy cost scales assume integers are used for the operations. It’s also
possible to use floating point numbers, which divide the bits into value (called
mantissa) and exponent. This enables the representation of values over a very
large dynamic range and the representation of values smaller than 1. However, it
comes with a decreased number of significant digits (since some bits are dedicated
to the exponent). Another drawback is the increased complexity and resulting
higher energy cost [13].

It’s difficult to compare the absolute energy consumption of different opera-
tions since it’s dependent on numerous factors such as process node, supply volt-
age, et cetera. However, if those are controlled, comparisons can be made. For
example, in a 45 nm process node with a 0.9 supply voltage, the rough energy cost
for an integer addition of 8 bits was 0.03 pJ, whereas for 32 bits it was 0.1 pJ.
Similarly, a multiplication costs 0.2 pJ for 8 bits and 3.1 pJ for 32 bits [14]. Tt
should be stressed that these ratios are not universal, but they show the trend.

Although floats are commonly used, it is possible to represent decimal numbers
with integers by utilising fixed-point arithmetic, which scales up the values by a
factor. The most convenient scaling factors to use are powers of two, since, as
mentioned, this multiplication is computationally free.

2.4.2 Power Consumption During Memory Access

It isn’t just computation that requires power. Reading from or writing to memory
also consumes energy. The amount of energy will, as with arithmetic operations,
depend heavily on the technology. Generally, accessing external memory will be
much more expensive than internal memory [15]. Additionally, reading or writing
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to memory and transporting information between processing and memory blocks
carries a large overhead. Therefore, storing data in memory should be minimised
wherever possible. This is especially true if reading or writing to external memory
[15].

For on-chip memory, Static Random Access Memory (SRAM) is the natural
choice of technology. This is mainly because of its low latency for memory access.
It also has the potential for lower power draw since it, unlike its competitor,
Dynamic Random Access Memory (DRAM), does not require refreshing to keep
values stored, assuming it is powered. Its main source of energy consumption is
during memory access, when the right memory cells need to be selected, read, and
potentially rewritten.

2.5 Modern Design Concerns for Digital Integrated Circuits

Power consumption is a central concern in modern digital circuit design. For a
long time, the advancement of digital integrated circuits (ICs) was largely due to
Dennard scaling. Dennard scaling states that the power consumption of a transis-
tor decreases in proportion to its decrease in area [16]. This means power density
remains constant, so more computation can be performed on a given area without
worrying about excessive power density. In later years, however, Dennard scaling
has broken down. Supply voltages can no longer be reduced at the same rate,
resulting in higher power densities. When power density reaches a certain point,
it is no longer feasible to transport the excess heat generated by performing cal-
culations at a fast enough rate. This leads to the phenomenon commonly referred
to as "dark silicon". The entire integrated circuit can’t run simultaneously, or it
would overheat. Dark silicon refers to the amount of circuitry that must remain
inactive for the chip to avoid overheating.

The limitation of not being able to run the entirety of digital ICs simultane-
ously makes application-specific circuits more viable. Application-specific circuits
are circuits designed to perform one specific function. They are not as versatile
as general-purpose processing units, but they have the potential to require much
less energy to perform their function than a general processor would. Since area
is no longer the bottleneck of digital ICs, this has become a more viable strategy.
Power draw is an important metric, especially in power-restricted environments
such as Power over Ethernet solutions.

When designing algorithms on application-specific circuits, it is important to
consider the implications of every function. The flow of data, degree of parallelisa-
tion, and other such factors will affect not only power draw but also power density
and area usage. These factors will have to be tailored to the specific use-case of
the circuit.

2.6 Methods for Reducing Power Consumption

To decrease an integrated circuit’s operational power consumption, one must ei-
ther lessen the number of computations or reduce the energy cost per individual
computation.
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Reducing the number of computations can be done by modifying how a func-
tion is performed. The FFT is a perfect example of this. Instead of doing the
intuitive and straightforward DFT, some clever mathematics allows the compu-
tational complexity to go from O(n?) to O(nlog(n)). Even without sacrificing
any accuracy, efficiency gains in the realm of several orders of magnitude could
be made. This is especially true for larger systems. It would be very ambitious
to presume that gains of a similar magnitude could be made for the problems
presented in this thesis, but different algorithms and modifications will still be
explored with the aim of reducing computational complexity.

To reduce the cost of computations, the input size of numbers to the operators
can be reduced so that fewer bits are used. However, this also decreases the
number of significant digits, and thus the accuracy of the result. This can be done
by limiting the largest value, scaling down the starting values or scaling down the
values after certain operations.

2.7 Performance Metrics

When evaluating the performance of binary or multi-class classification algorithms,
precision and recall can be used as metrics, which range from 0 to 1, with 1 indi-
cating a perfect score. Simply put, precision measures the quality of predictions,
while recall measures the completeness of the detection process. The detection
algorithms in this thesis will be evaluated as binary classifiers. As such, a True
Positive (TP) is a detection where the algorithm identifies an embedded ZC se-
quence and returns both the correct root and the correct offset. A False Positive
(FP) occurs when the algorithm detects a signal with an incorrect root or offset,
or if the algorithm detects a signal when none is present. A false Negative (FN)
occurs if a ZC sequence is present in the signal, but the algorithm fails to predict
anything.
The following equations describe these metrics:

TP

l=—— 2.12
Recall = 757N (2.12)
TP
Precision = —— 2.1
recision = s (2.13)

The specificity metric will also be used in this thesis. It measures the algo-
rithm’s ability to remain silent when no ZC sequence is in the signal. A True
Negative (TN) occurs when the signal doesn’t contain any ZC sequence, and the
algorithm makes no prediction. The equation for specificity is:

TN

SpeClﬁClty = m

(2.14)
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Chapter 3

Problem Formulation

The detection problem addressed in this thesis is to identify a ZC sequence em-
bedded at an unknown interval within a time-discrete noisy data stream, which is
obtained by sampling at a frequency fs;. This stream contains at least one entire
Z.C sequence of known length N,.. The stream is divided into overlapping subseg-
ments of length L = 2" for n € N, where L > N,.. To ensure that any embedded
ZC sequence is fully contained within at least one subsegment, the subsegments
overlap by N,. — 1 samples. The task is then to identify potential ZC sequences
within these subsegments.

These subsegments are represented by a signal sequence z[n| = T[n| + £[n] of
length L, where Z[n] contains zeroes that may be interrupted by a ZC sequence s,
of length N,. at a random index. &[n] represents noise, which is modelled as Ad-
ditive White Gaussian Noise (AWGN). SNR is the ratio between signal and noise
power, commonly measured in decibels. Because the subsegments overlap, only
complete ZC sequences will be considered when performing sequence detection.

An example of how a segment with an embedded ZC sequence may look for
varying SNRs is shown in Figure 3.1.

The method most commonly used for ZC sequence detection is cross-correlation.
An example of how the cross-correlation between the middle signal in Figure 3.1
and two different ZC sequences is shown in Figure 3.2. The upper graph shows
the cross-correlation result when the ZC sequence does not have the same root
value as the one embedded in the signal, and the lower shows the cross-correlation
result when the ZC sequence does have the same root value as the one embedded
in the signal.

The sampled data is modelled with no frequency or phase offset. This is not
a realistic scenario, which is why the absolute value of the cross-correlation will
be used, as discussed in Section 2.2. This removes the need to model a constant
phase offset, since the absolute value of the cross-correlation is not affected by it.

The subsegments described in this chapter are what will be used to evaluate
the detection algorithms outlined in Chapter 4. Note that in a real scenario, these
would be part of a larger data segment, which is not taken into account in the
evaluation.

13
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Chapter 4

Methodology

This chapter explains the investigated algorithms, which are split into three cat-
egories: time-based cross-correlation, fast cross-correlation, and phase difference
estimation. The explanations for the working principles of each algorithm will
be followed by a block diagram illustrating them. A legend for symbols used in
these block diagrams can be seen in Figure 4.1. Additionally, the chapter covers
modifications such as downsampling, stacking and lowering bit precision. Lastly,
the structure of the test and the evaluation of the results are explained.

Real-valued Complex-valued
memory memory
- Look-up
Absolute Multiplier table
value
ABS >< LUT
Accumulator Maximum
Complex value Downshift
conjugate
% MAX >>

Figure 4.1: Symbols used to illustrate functions/elements used in
the detection algorithms.

4.1 Cross-Correlation Algorithm

This algorithm uses cross-correlation to predict the root and offset of a ZC sequence
embedded in a larger signal sequence. The algorithm will be referred to as the
CC detection algorithm. A block diagram illustrating the working principles of
this algorithm is shown in Figure 4.2. It generates ZC sequences of a given length,
one root value at a time. For each root value, the ZC sequence is cross-correlated
with the signal across all possible offsets. Due to the correlation properties of ZC
sequences as described in Section 2.1, cross-correlating with the correct root value
should result in a peak at the offset when the sequences overlap completely. Each

17
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iteration is finalised with a peak detection to determine if any offset is significant.
If there is a significant peak at an offset, the search is stopped, and the offset and
the root of the ZC sequence are returned as the prediction. If there is no significant
peak at any offset, the iteration continues.

A possible modification to reduce the amount of computation is to downsample
the cross-correlation. Modifying Equation (2.5) to

N
Z Sqlm * kgs]z[m * kqs + 1 (4.1)
m=0

, where kg, is the downsampling factor and N = L%j will scale the number

of sample points and computation required to perform the cross-correlation by
approximately 1/kgs. Additionally, downsampling the ZC sequences will lower
the number of computations required to generate them in the first place. This
modification will be referred to as downsampling.

Another possible modification explored was element-wise addition of multiple
ZC sequences with different root values, forming stacked ZC sequences. Conse-
quently, this modification was labelled stacking. The stacked ZC sequences §;[n]
are given by

ko (i+1)

Gl= Y sl (4.2)

g=(ks-1)+1

, where k; is the stack size determining how many ZC sequences are stacked before
cross-correlation, and ¢ = 0,1, 2,. (1\2 N=17_1. Note that in cases where & T is not
an integer value, the mdexmg in the sum might exceed the allowed range of root
values q. In these cases, the sum with the maximum value of i will only index until
q = N —1. These stacked ZC sequences are cross-correlated with the signal instead
of the individual ZC sequences, reducing the total number of iterations. Since it is
not possible to determine an exact root value from the stacked cross-correlation, ZC
sequences in a stack are iterated through as specified in the unmodified algorithm
if a stack yields a significant offset. Moreover, the predicted offset from the stack
can be reused when doing the fine search, so that the cross-correlation window is
only placed at the offset. This will further reduce the amount of computation and
is investigated as an additional option when utilising the stacking modification.

These modifications introduce stack size, downsample factor, and a precise
switch as adjustable parameters to be tested. A potential drawback of these mod-
ifications is that the detection might lose performance at lower SNR. Also, if an
offset found during stacked cross-correlation is wrong and it is reused in the fine
search, any potential matching ZC sequence in the stack will most likely not be
found.

The number of computational and memory operations performed in this al-
gorithm was calculated at a block level, illustrated in Figure 4.2 and summarised
for each stage in Table 4.1. The total computational and memory operations are
also shown. ¢ represents the root value found by the algorithm and the number
of iterations performed. If no ZC sequence is found, ¢ = N,. — 1 because all pos-
sible roots were tested. L is the signal length, and N,. is the ZC sequence length.
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Lastly, L’ is the number of offsets, which is equal to L — N,.+1. It should be noted
that complex-valued additions consist of 2 real-valued additions, complex-valued
multiplications consist of 4 real-valued multiplications and 2 real-valued additions,
and complex-valued memory operations count as 2 real-valued memory operations,
as motivated in Section 4.7.1. The counts displayed in the table are the number
of real-valued operations, where complex operations have been converted to their
real-valued equivalents.

Table 4.1: Computational and memory operations performed in each
stage and the total operations performed during the CC detec-
tion algorithm.

Stage Additions Multiplications Memory

Gen ZC 0 q- N, q 5N,

cC q-L'-AN,. q-L -4N,. q-L -4N,.

CC Result 0 0 q-L'

Total q-L' 4N, | ¢ - Noe- (1+4L") | ¢- (Nye - (5+4L") + L)
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Figure 4.2: Block-level representation of the time-domain cross-
correlation algorithm. All stages of this algorithm are repeated
for every root investigated.
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4.2 Fast Cross-Correlation Algorithm

The main difference between this algorithm and the one previously introduced
in Section 4.1 is the method for calculating the cross-correlation between the ZC
sequence and the signal. It uses the FFT and IFFT as described in Equation (2.10)
to perform the cross-correlation, resulting in fewer computations. The algorithm
will be referred to as the FFT detection algorithm. A block diagram illustrating
the working principles of this algorithm is shown in Figure 4.3. Due to how the
FFT and IFFT algorithms are implemented, it is required that the signal length
is a power of two. Using FFT and IFFT also introduces a requirement that the
sequence must be the same length as the signal; therefore, the ZC sequences have
to be zero-padded prior to FFT.

To reduce the number of computations, it is still possible to stack ZC sequences
and have a precise mode for in-place cross-correlation at a found offset. However,
it is no longer possible to utilise downsampling, because the cross-correlation is
performed in the frequency domain. If the downsampling was performed before
the FFT, there is a risk that the remaining indices of the generated ZC sequence
and embedded ZC sequence are different and no detection can be made.

The number of computational and memory operations performed in this al-
gorithm was calculated at a block level, illustrated in Figure 4.3 and summarised
for each stage in Table 4.2. The total computational and memory operations are
shown in Table 4.3. ¢ represents the root value found by the algorithm and the
number of iterations performed. If no ZC sequence is found, ¢ = N,. — 1 since
all possible roots were iterated through. L is the signal length, and N,. is the ZC
sequence length. Lastly, L’ is the number of offsets, which is equal to L — N, + 1.
The counts displayed in the table are the number of real-valued operations, where
complex operations have been converted to their real-valued equivalents as de-
scribed for Table 4.1.

Table 4.2: Computational and memory operations performed in each
stage of the FFT detection algorithm.

Stage Additions Multiplications Memory

Gen ZC 0 q- N, q-5N,.

FFT 3L -logy(L) - (qg+1) | 2L -logy(L) - (g+ 1) | 5L - logy(L) - (¢ + 1)
FFT Combine 2qL 4qL 6qgL

IFFT 3L -logy(L) - ¢ 2L -logy(L) - q 5L -logy(L) - ¢
CC Result 0 0 3qL’

Table 4.3: Total computational and memory operations performed
during the FFT detection algorithm.

Operation Equation

Additions 3L -logy(L) - (2¢+ 1) + 2¢L
Multiplication q-Nue+2L-logy(L) - (2g + 1) +4¢L
Memory 5¢ - N..+ 5L -logy(L) - (2g + 1) + 6¢L + 3qL’
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Figure 4.3: Block-level representation of the FFT-based cross-
correlation algorithm.The initial FFT of the signal is only re-
peated once, with the remaining stages being repeated for every
root investigated.
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4.3 Peak Detection

Both cross-correlation-based algorithms require a way of detecting a peak in the
cross-correlation result. The chosen method for peak detection locates the largest
peak in the cross-correlation and compares it with the surrounding indices. The
threshold for a peak to be classified as significant is computed as the mean of the
surrounding indices plus 7 times their standard deviation, which helps filter out
noise and reduce false positives. As motivated in Section 2.2, the absolute values
of the cross-correlation are taken before peak detection is performed.

Since root values are evaluated one at a time and detection halts after a sig-
nificant peak is found, peak detection must not produce false positives. Thus, the
threshold was chosen high enough to return false positives very rarely. A conse-
quence of this is that precision will be very high, whereas recall will most likely be
lower.

4.4  Phase Difference Estimation Algorithm

This algorithm utilises the property described in Section 2.1.1 by computing the
phase difference of the signal, transforming the embedded ZC sequence into a
complex sinusoid. However, differentiating the signal also affects the characteristics
of the noise and it can no longer be considered white noise, which might affect
detection accuracy. The algorithm will be referred to as the Phase Difference
Estimation (PDE) algorithm. A block diagram illustrating the working principles
of this algorithm is shown in Figure 4.4. Each possible root value will have a
unique frequency when differentiated. These frequencies are stored and fetched
to generate complex sinusoids ("Gen waves stage" in Figure 4.4). This is done
by multiplying the frequency by discrete time steps and placing the result in a
look-up table to convert from phase ¢ to complex exponential e/?. The frequency
of these complex sinusoids will then match all of the possible frequencies of the
differentiated ZC sequence of the given length. Because the sinusoids are periodic,
cross-correlation for every offset is unnecessary. Instead, a single dot product of
the differentiated signal and generated sinusoid can be performed (CC stage in
Figure 4.4), drastically reducing the number of computations. The absolute value
of the dot product is then used to determine a "cost" for each frequency. Unlike
in the other algorithms, all roots are tested before a prediction is made. Since
no offsets are tested, only the root can be determined from these costs. The root
corresponding to the frequency with the highest cost is flagged as the most likely
root value present in the signal. To verify the root value and determine where in
the signal the ZC sequence is embedded, a single iteration of the FFT algorithm
with the predicted root is performed.

This algorithm also allows for downsampling and stacking sinusoids to further
reduce the number of computations. These follow the same explanation as the
modifications in Section 4.1 and provide the same advantages. A slight difference
is that the downsampling reduces the number of samples in the dot product instead
of cross-correlation. Also, as this algorithm does not directly predict the position
of the ZC sequence in the signal, there is no precise detection mode for stacking.
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The number of computational and memory operations performed in this algo-
rithm was calculated at a block level, illustrated in Figure 4.4 and summarised for
each stage in Table 4.4. The total computational and memory operations are also
shown. However, the verification stage is excluded from the total and is presented
separately in Table 4.5. The number of computational and memory operations
in the verification stage is the same as the total in the FFT detection algorithm
when ¢ = 1. @ is the total number of roots, which is N,. — 1, L is the signal
length, L' = L — 1, and N, is the ZC sequence length. The counts displayed in
the table are the number of real-valued operations, where complex operations have
been converted to their real-valued equivalents as described for Table 4.1.

Table 4.4: Computational and memory operations performed in the
PDE detection algorithm stages and the total operations per-
formed over those stages.

Stage Additions | Multiplications Memory

Diff 2L/ 4r’ 2L + 2L/

Gen Waves 0 QL Q(1+2L)

CC 4QL 4QL Q(1+2L)
Total L'(4Q + 2) L'(5Q +4) QUL +2)+2(L+ L")

Table 4.5: Computational and memory operations performed in the
verification stage of the PDE detection algorithm.

Operation Equation
Additions 9L logy(L) + 2L
Multiplication N.c+6Llogy(L) +4L
Memory 5N.c+ 15logy(L) + 6L + 3L/
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45 General Modifications

To minimise computational costs, the algorithms were modified to utilise fixed-
point arithmetic instead of floating-point. This approach redefines the mapping
of bit values by using a power-of-two scaling factor. For example, with a scaling
factor of 22 (4), the least significant bit will represent a value of % = 0.25 instead
of 1. This means the number 1 would be represented by a binary value of 0100.
The scaling factor determines the minimum distance between two numbers, and
thus dictates the resolution. While a higher factor yields a higher resolution, it
also increases the bit size of numbers. Consequently, minimising the scaling factor
whilst maintaining acceptable resolution is essential.

Additionally, the algorithms contain a few steps where division is used, but
they have been modified to only use divisions by a factor of two in these steps,
so hardware-wise, it is a bit shift. This avoids the high computational cost of
divisions.

To further reduce costs, the formula for absolute values is replaced by the Alpha
Max Plus Beta Min algorithm [17]. This method approximates the magnitude
by replacing the multiplications and square root with bit shifts and additions,
maintaining a maximum approximative error of 2.8%.

During the search step, sinusoids and ZC sequences are generated using a
Look-Up Table (LUT) to avoid trigonometric functions, which are computation-
ally expensive. The constant components of these sequences are pre-stored and
multiplied by an index or root to determine the LUT input. The LUT outputs
are also pre-scaled by the scaling factor to remain consistent with the fixed-point
environment. Therefore, the LUT output resolution is also governed by the scaling
factor. Similarly, a LUT is used for generating the twiddle factors used in the FFT
and IFFT.

4.6 Test structure

To evaluate the performance of the algorithms and modifications, a controlled
simulation environment was developed. The algorithms themselves were devel-
oped from scratch in Python, as were the evaluation and computational tracking
functions. In an evaluation, a detection algorithm, with or without modifications,
is tested against signals with varying SNR values ranging from 0 to -15 dB in
1 dB increments. The algorithms had a default scaling factor of 64, as prelimi-
nary studies showed a higher factor would not meaningfully improve the detection
probability regardless of SNR.

4.6.1 Signal Generation

For each test iteration, a ZC sequence of length 601 is embedded within a longer
carrier signal of 2048 samples. Each test signal has a randomised root and offset
to get a robust evaluation. The test signal is then passed through an ideal 13-bit
signed analogue-to-digital converter (ADC). The digitised signal is then scaled to
match the fixed-point scaling factor specified in the test. Notably, if the chosen
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scaling factor is lower than the ADC precision (2!?), a reduction in the signal
resolution occurs.

4.6.2 Test Execution and Data Collection

Each evaluation consists of 100 iterations per SNR level. To ensure statistical
significance, every combination of algorithm and modification was evaluated at

least five times. During an evaluation, the following data points were collected for
each SNR:

e Computational Metrics: The average number of arithmetic operations
and memory operations (read/writes).

e Bit sizes: Average number of times each bit size is needed to represent the
inputs to an arithmetic operation.

e Detection Metrics: The counts of True Positives (TP), False Positives
(FP), and False Negatives (FN).

All arithmetic and memory operations were tracked from the point at which the
test signal was received and terminated before peak detection. Peak detection was
excluded from the computational tracking to ensure that the detection algorithms
were evaluated fairly based on the quality of their resulting correlation values.
Attempting to reduce the peak detection cost would introduce additional variables
and potentially worsen the performance, making it difficult to isolate the impact of
the primary modifications. Additionally, including the peak detection would not
significantly influence the overall computational cost. Therefore, a reliable and
accurate peak detection algorithm was used in all tests.

The bit size tracking is based on the minimum number of bits required to be
able to represent both inputs to an operation. This means that each operation
will have a connected bit size, and a distribution will be formed. For example,
4 + 8 will be tracked as an addition with the bit size 5. This is because 5 bits
are needed to represent the signed integer 8, and 4 bits are needed for the signed
integer 4. Since the larger of the two bit sizes is chosen to represent the operation,
the tracked bit size will be 5.

A separate evaluation was conducted to determine specificity. This involved
testing the algorithm on 100 noise-only signals containing no embedded ZC se-
quence. This was done to accurately capture True Negatives (TN) and False
Positives (FP) without creating a bias in the primary detection test. From these
results, the specificity was calculated using 2.14.

The modifications and values assessed are summarised in the table below.

Table 4.6: Modifications and values assessed.

Parameter Value
Scaling factor 4,8, 16, 64
Stack size 1,2,4,6
Precise mode on/off
Downsample factor | 1, 2, 3, 4
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4.7 Evaluation

The performance of the algorithms and modifications was based on the energy
consumption in arbitrary units, precision, recall, and specificity across a span of
SNR values.

47.1 Energy Consumption Model

To estimate energy consumption, the computations were divided into stages repre-
senting hardware blocks. Within each block, the largest bit size input that occurred
for addition and multiplication determined the bit size used by the respective op-
erator. These bit sizes, Nyqq and Ny, also represent the relative energy cost of
performing an operation. The cost of an addition is approximated as Ngqq4, While
the cost of a multiplication is approximated as N2 ,. Consequently, complex
operations will be converted to their corresponding real components, as it makes
it easier to translate an operation to an energy cost. To determine the largest
bit sizes that occurred in each stage, the tracked bit sizes were used. However,
only the results from the tests with the highest SNR were used, as these represent
where the largest digits occur. Lastly, the stages were summed into a total energy
consumption.

Generally, energy consumption during memory operations scales with the num-
ber of word lines and bit lines. In this thesis, all memory blocks contained a similar
number of word lines. Thus, the word line amount was assumed to be constant.
With this, the scaling only depends on the number of bit lines, which is equiva-
lent to the maximum stored bit size. To relate memory operations to additions,
a conversion factor was used to estimate the cost of a single memory access as 5
additions. The bit size for these additions is the largest bit size present during
the majority of memory operations. For the FFT algorithm, this corresponds to
the maximum bit size in the IFFT stage. In the CC and PDE algorithm, it is
equal to logy(scaling factor) + 1, which is 7 for the base scaling factor case. This
energy model assumes a small-scale SRAM architecture and is based on previous
experiences. For reading or writing complex values, the energy consumption is ap-
proximated to that of two real memory operations, since a complex number is twice
the number of bits. Therefore, a complex memory operation will be counted as
two real memory operations before converting the number of operations to energy.

The energy cost for the different operation types is summarised in Table 4.7
where N is a dynamic bit size that depends on the operation. It should be stressed
that these costs are in arbitrary units and do not represent real energy consump-
tion, but they are usable for relative comparisons. The arbitrary unit is the num-
ber of additions of bit size 1, and will interchangeably be expressed as energy
consumption or energy cost

Table 4.7: Energy cost for the different operation types.

Operation Energy Cost
Addition N
Multiplication | N2

Memory access | 5N




Methodology 29

4.7.2 Performance Metrics and Statistical Analysis

Detection performance metrics, precision and recall, were calculated using the
formulas defined in Section 2.7, Performance Metrics. To ensure statistical signif-
icance, results from identical evaluations across distinct SNR levels were collected
to calculate an average and a 95th percentile range for each metric and SNR. Addi-
tionally, precision scores for SNR values with fewer than five total detections were
excluded to maintain statistical significance. As energy consumption was already
averaged over 100 test iterations, its percentile range represents the spread of these
averages.
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Chapter 5

Results

This chapter presents the performance of the algorithms and the impact of the
proposed computation cost reduction methods. First, the baseline detection per-
formance of the unmodified algorithms is presented, followed by the modified vari-
ants.

Three types of figures are used throughout the chapter. The first illustrates the
bit-size distribution for addition and multiplication in each computing stage. On
the x-axis, the minimum bit size required to represent both inputs to an operation
is shown, and on the y-axis, the average number of occurrences is shown. The
second and third present detection performance metrics (recall and precision) and
energy consumption (operation and memory), respectively, as functions of SNR.
In these latter two figure types, values are shown as averages with a shaded 95th
percentile range. Each figure may include multiple algorithms or modification
values for comparison. Specificity was found to be very high for most cases, so it
will only be presented for cases where it was below 0.95.

5.1 Algorithms

The detection performance of the unmodified algorithms is presented in Figure 5.1.
The CC and FFT detection algorithms had identical detection performance, which
began diminishing after -12 dB as the recall score started to decline. Their iden-
tical performance is because the mathematical operations in the FFT and CC
algorithms are equivalent. In contrast, the PDE detection algorithm’s recall score
started to diminish below -5 dB and more steeply, reaching approximately zero as
precision performance also began to decline. Additionally, the precision score for
the PDE algorithm was only statistically significant for SNR equal to or above -10
dB.

The energy consumption of the unmodified algorithms is presented in Fig-
ure 5.2. The CC detection algorithm had the highest energy consumption, ap-
proximately an order of magnitude higher than the FFT detection algorithm and
two orders of magnitude higher than the PDE detection algorithm. Unlike the
PDE algorithm, whose power consumption was independent of the recall score,
both the CC and FFT algorithms displayed an inverse correlation between recall
score and power consumption. Additionally, the PDE algorithm has an operations
cost almost 8 times higher than the memory cost, making the total energy cost
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predominantly operational, unlike the other algorithms, where the energy cost is
split almost equally.
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Figure 5.1: Detection performance of the unmodified algorithms.
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Figure 5.2: Energy consumption in the unmodified algorithms.

The bit size distributions for the CC, FFT, and PDE algorithms are presented
in Figure 5.3. None of the algorithms used a bit size above 21. In the CC algorithm
(Figure 5.3a), the majority of computations occurred in the cross-correlation stage
labelled cc. For the FFT algorithm (Figure 5.3b), computation was concentrated
in the FFT/IFFT and spectral multiplication stages. Lastly, in the PDE algorithm
(Figure 5.3c), computation was dominated by the cross-correlation stage and the
Z.C wave generation.
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The compute-heavy stages are further presented in Table 5.1, where the CC
algorithm had the most operations and the highest cost. For the PDE algorithm,
half the cost was due to generating the waves, and in the FFT algorithm, the
ifft stage and the fft of the zc sequence contributed the most to the total cost.
Notably, the FFT algorithm had the overall biggest bit sizes, the PDE algorithm
had the biggest bit size, and the CC algorithm had the smallest.

Table 5.1: Stages exceeding 10% of total compute in the algorithms.
(a) CCDetAlgo

Stage Adds Bit (A) Cost (A) Mults Bit (M)  Cost (M)
ce 1.1 x 10 15 1.7x 100 1.1 x10° 7 5.4 x 1010
(b) FFTDetAlgo
Stage Adds Bit (A) Cost (A) Mults Bit (M) Cost (M)
fft combine 1.3 x 108 19 2.5 x 107 2.6 x 108 13 4.4 x 108
ifft 2.3 x 107 15 34x10% 1.4 x 107 14 2.8 x 109
zc fft 2.1 x 107 13 2.8 x10% 1.4 x 107 13 2.4 x 109
(c) PDEDetAlgo
Stage Adds Bit (A) Cost (A) Mults Bit (M) Cost (M)
ce 4.9 x 108 14 6.9x107 4.9 x 106 8 3.1x108
gen wave 0 0 0 1.2x106 21 5.4 x 103

5.2 Modifications

5.2.1 Cross-Correlation Algorithm

When the CC algorithm utilised downsampling, the recall score diminished several
dBs earlier, and it scaled with the downsampling amount. However, the steepness
in the loss of recall score appeared to be independent of the downsampling value.
Similarly, the precision also worsened earlier as downsampling increased. This is
shown in Figure 5.4.
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Figure 5.4: Detection performance

utilising downsampling.

of the CC detection algorithm

The detection score of the CC algorithm utilising different stacking sizes, with
the precise mode on and off, is shown in Figure 5.5. Both stacking cases showed
a decrease in recall score as the stacking size increased, but it was slightly more
evident when the precise mode was active, as the recall score loss was steeper.
Additionally, the precision score for stack sizes 4 and 6 in Figure 5.5b became
statistically insignificant earlier than the corresponding stack sizes in Figure 5.5a.
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Figure 5.5: Detection performance of the CC detection algorithm

utilising stacking, with and without precise mode active.

The energy consumption for the downsampling and stacking modification, with
and without precise mode, is shown in Figures 5.6 and 5.7. All modification types
showed a near-identical negative correlation between memory and operation cost
as a function of the modification value. Notably, the energy consumption increased
as the recall score decreased.
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Figure 5.6: Energy consumption of the CC detection algorithm util-
ising downsampling.



38 Results
1e11 Operations Cost vs SNR Memory Cost vs SNR
1.0 A 5
1 1 Stacking
S ] ] -1
Z 0.8 7 \ § - 2
€ 1 - —— 4
3> 4
2 06 1 . 5
[e) J
O
s E
S 0.4 1N ~ =
fe : e
E - w
o ] ]
z 027 15550

Avg Energy Consumption

I T
-15 -10 =5 0 -15
SNR (dB)

(a) Precise mode inactive.

1e11 Operations Cost vs SNR

—
-10 -5 0
SNR (dB)

Memory Cost vs SNR

] Stacking

-— 1

4 - 2

- 4

-€— 6

T T - T T 1 LI L I B
-15 -10 -5 0 -15 -10 -5 0

SNR (dB) SNR (dB)

(b) Precise mode active.

Figure 5.7: Energy consumption of the CC detection algorithm util-
ising stacking, with and without precise mode active.
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5.2.2 Fast Cross-Correlation Algorithm

In Figure 5.8, the detection performance of the FFT algorithm with stacking is
Since the mathematical operations in the FFT and CC algorithm are
equivalent, see Section 2.3.3, the results were identical to those obtained with the
CC algorithm when using the same modifications (Figure 5.5).

shown.

Recall vs SNR Precision vs SNR
.0 5 2= 000000000
1.0 - ro;:-ﬂ-;-l-;-’-‘-‘-‘-l-‘ ] =k
/ r K /
0.8 1 f 7 ] * 1
/ ﬂl / /
g 1d A ]
50674 } f
w0 1 I
=) ‘ / J
z 0.4 1 / /‘ * ] Stacking
14 A ” -1
0.2 1% £ ] - 2
] Y “; —h= 4
0.0 j¥e® ] 6
L L L L LI L — T 1
-15 -10 -5 0 -15 -10 -5 0
SNR (dB) SNR (dB)
(a) Precise mode inactive.
Recall vs SNR Precision vs SNR
1.0 )-.:l-l-”-l-’-.-‘-‘-“ 1 =88 -S04~ 000004
4 / / L 4 J
/ # / / i
0.8 / 7y { ]
y / 1 ]
o 1 1 ) i
5064, ™ .
S {é 1 £ ’
‘gﬁ ] II l, /
z047 h II ] Stacking
1 - 1 - 1
0244 ,‘ f ] - 2
] j ‘I - 4
0.0 Jeede . m
LA AL B L AL B B AL AL | LI — T T T
-15 -10 -5 0 -15 -10 -5 0
SNR (dB) SNR (dB)

(b) Precise mode active.

Figure 5.8: Detection performance of the FFT detection algorithm
utilising stacking, with and without precise mode active.
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When the scaling factor was lowered, the detection performance worsened,
as shown in Figure 5.9. For factor 16, the loss in recall and precision score was
minuscule. However, for factors 8 and 4, the loss became more noticeable. Most
notably, for a scaling factor of 4, the performance was very poor, as the precision
was only 0.25 at 0 dB SNR and declined at higher SNR values. Additionally, the
average specificity for factor 4 was 0.01. In comparison, the specificity for factor
8 was 0.93, and the other factors had a score above 0.95.
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Figure 5.9: Detection performance of the FFT detection algorithm
utilising lower scaling factors.

In Figure 5.10, the decrease in scaling factor was combined with a stack size
of 2 and 6, and the precise mode was inactive. It appeared as if the performance
losses in Figures 5.8a and 5.9 were superimposed on each other. Interestingly,
the precision performance for factor 8 seemed to improve with a stack size of 2.
For stack size 6, this could not be said as the precision score was statistically
insignificant at -15 dB SNR.
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(b) With stack size 6.

Figure 5.10: Detection performance of the FFT detection algo-
rithm utilising lower scaling factors in combination with stack-
ing, where the precise mode is inactive.

The energy consumption of the FFT algorithm with stacking (Figure 5.11)

displayed the same negative correlation with stack size as was observed for the CC
algorithm using identical stacking parameters (Figure 5.7). The key difference was
that the FFT algorithm consumed less energy than the CC algorithm for the same
stack size. It can also be observed in Figure 5.11 that the energy consumption
increased as the recall score decreased.
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Figure 5.11: Energy consumption of the FFT detection algorithm
utilising stacking, with and without precise mode active.

Figure 5.12 displays the reduction in energy consumption when the scaling
factor was lowered. The energy reduction appeared to diminish when going from
a scaling factor of 64 to 8. The operation cost limit appeared to be equal to the
energy consumption when stacking two ZC sequences. However, scaling factor 4
was an outlier, which reduced the energy consumption significantly.
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Figure 5.12: Energy consumption of the FFT detection algorithm
utilising lower scaling factors.

When combining stacking with a lower scaling factor, the FFT algorithm’s en-
ergy consumption decreased noticeably. Similar to the detection performance, the
energy reduction seemed to be the two individual energy reductions in Figures 5.11
and 5.12 superimposed on each other.
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Figure 5.13: Energy consumption of the FFT detection algorithm
utilising lower scaling factors in combination with stacking,
where the precise mode is inactive.



Results 45

5.2.3 Phase Difference Estimation Algorithm

Figure 5.14 shows the impact on detection performance when the PDE algorithm
is modified to use stacking or downsampling. The impact of using a stack size of
2 and downsampling by 2 is very similar, with downsampling performing slightly
better. However, for values above this, the downsampling has a much worse impact
on the recall score. Equally, the precision becomes statistically insignificant earlier
as downsampling increases. Stacking is much less affected by this, as only stack
size 6 has lost precision score points in Figure 5.14a. Notably, stacking sizes 4 and
6 shows very similar recall scores.
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(b) Utilising downsampling.

Figure 5.14: Detection performance of the PDE detection algorithm
utilising different modifications.

Figure 5.15 shows the detection performance when the PDE algorithm was
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modified to use a lower scaling factor, and in Figure 5.15b, the algorithm was
further modified to also use downsampling 2. In Figure 5.15a, the performance
started to deteriorate substantially once the factor was 4. Not only did the recall
score deteriorate, but the precision score also decreased to 0.8 at -8 dB SNR.
For factors above 4, the precision score was unaffected, but the recall score was
reduced. When downsampling was also utilised, the performance worsened even
further across all scaling factors.
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(b) With downsampling 2.

Figure 5.15: Detection performance of the PDE detection algorithm
utilising different scaling factors.

Figure 5.16 illustrates the impact of downsampling or stacking on energy con-
sumption. Downsampling offered a more substantial reduction in both operational
and memory cost. Additionally, energy savings from stacking ZC waves diminished
as the stack size increased.
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Figure 5.16: Energy consumption of the PDE detection algorithm
utilising different modifications.

In Figure 5.17, the energy consumption of the PDE algorithm modified to use
a lower scaling factor is shown and in Figure 5.17b, the algorithm was further
modified to use downsampling 2. Regarding operation cost reduction, lowering
the scaling factor was less effective than downsampling, but it performed similarly
to stacking. Notably, lowering the scaling factor yielded diminishing returns for
reducing the operation cost. However, unlike stacking, memory cost reduction did
not diminish and remained comparable to the yields from downsampling. Com-
bining a lower scaling factor with downsampling lowered the memory cost even
further. As observed with the FFT algorithm, the results in Figure 5.17b ap-
peared to be the result of superimposing the two individual modifications onto
one another.
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Figure 5.17: Energy consumption of the PDE detection algorithm
utilising different scaling factors.



Chapter 6

Discussion

This chapter analyses the results gathered from the algorithms and modifications.
The analysis will combine the energy consumption and detection performance to
determine which algorithms and metrics show the most promise. Additionally, the
analysis will also explain the features seen in the figures. Lastly, the limitations of
the study are discussed.

6.1 Algorithms

When comparing the base algorithms’ results shown in Figures 5.1 and 5.2, the
CC algorithm is clearly inferior to the FFT algorithm. It consumes 10 times
more energy whilst having the same detection performance. Consequently, the CC
algorithm is excluded from the recommendations. In contrast, there is a trade-off
between the FFT and PDE algorithms. Using a 0.8 recall score as the threshold
for acceptable performance, the FFT algorithm drops below this limit at -14 dB
SNR, whereas the PDE algorithm reaches this at -6 dB SNR. However, the superior
performance of the FFT algorithm also comes with a tenfold increase in the energy
consumption. From this, it can be argued that the FFT algorithm is best suited for
low SNR environments, while the PDE algorithm is more appropriate for high SNR
environments or applications where energy efficiency is the primary constraint.

6.1.1 Operation and Memory Costs

The computational energy consumption of these algorithms is determined by two
primary factors: the total number of operations and the maximum bit sizes across
individual stages (Figure 5.3). These maximum bit sizes are critical because they
dictate the baseline energy cost for all operations within a specific stage. How-
ever, the total cost is heavily dominated by the computationally intensive stages
detailed in Table 5.1, which completely overshadow the low-compute stages. Con-
sequently, the high computational cost of the CC algorithm is due to the number
of multiplications and additions performed in the cross-correlation stage, which
is two orders of magnitude higher than that in the other algorithms’ high com-
pute stages. Although the CC algorithm features smaller maximum bit sizes than
the FFT algorithm, the sheer volume of operations outweighs this advantage.
Similarly, the PDE algorithm achieves a lower computational cost than the FFT
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algorithm because it requires fewer total operations and mostly utilises smaller bit
sizes.

As established in the energy model (Section 4.7.1), the memory cost scales
with the number of memory accesses, represented as five additions each. The bit
size and thereby cost of these additions depend on the scaling factor for the CC
and PDE algorithms, whereas it equals the bit size of the IFFT stage for the FFT
algorithm. Since the scaling factor was 64 in the base case, the bit size is 7 for both
the CC and PDE algorithm, compared to 15 for the FFT algorithm (Table 5.1).
Based on this known conversion between memory cost and memory operations in
combination with the memory costs in Figure 5.2, it can be concluded that the
CC algorithm requires the most memory operations, while the PDE algorithm
requires the fewest. This finding agrees with the theoretical calculations presented
in Chapter 4.

A drawback with the PDE algorithm is that all roots are tested in each detec-
tion attempt, unlike for the other algorithms, where the search is stopped once a
root is found. Consequently, the PDE algorithm wastes a lot of energy, as waves
are generated and cross-correlated unnecessarily. Since the search indexes over
root values from lowest to highest, this is especially true for low root values. How-
ever, this energy waste will also occur in the other algorithms if no detection is
made, since all roots will be tested. This could, for example, occur if the signal
subsegment doesn’t contain a ZC sequence or if the SNR is too low. It is the rea-
son why the CC and FFT algorithms’ energy costs increase when their recall score
falls. So for the FFT and CC algorithm, the energy costs are divided into two
sections: no detection and detection. The severity of this energy increase depends
on how often a signal contains a ZC sequence. If they are frequent, the FFT and
CC algorithm energy cost won’t be noticeably affected. On the other hand, if they
are uncommon, the energy cost will in reality be higher. It should be noted that
the PDE algorithm does not introduce additional energy costs when no detection
is made.

6.1.2 Bit Sizes

In Table 5.1a, the reason why the CC algorithm has a low multiplication bit size is
due to the scaling factor, which was 64. It makes it so that the maximum bit size of
the input data and generated ZC sequence is 7. Since the CC multiplication only
uses these as inputs, the bit size of the multiplication block never needs to exceed
log,(scaling factor) + 1. The same follows for the PDE algorithm, but it is one
bit size bigger due to the differentiation stage, where the input can grow by one bit
before it is used in the cross-correlation. For the FFT algorithm, the multiplication
bit sizes are bigger; this is because during the FFT, numbers grow stepwise, up
to a factor of /N, where N is the number of input elements. Consequently, the
last multiplications in the FFT will have larger inputs, which define the bit size
used by the stage. So, using fewer input elements would lower the necessary stage
bit size. This is also why a bit shift after the FFT combination stage is necessary.
Without it, the bit size would grow even larger in the IFFT stage, requiring a high
bit size and significantly increasing the compute cost.

It can also be observed in Table 5.1 that most add bit sizes are bigger than
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the corresponding multiplication bit size. This is because the addition steps are
always performed after the multiplication steps. For example, in cross-correlation,
two vectors are multiplied element-wise and then summed. Since additions are
performed after multiplications, the input values can grow significantly, causing
a necessity for larger bit sizes in adders. Another reason is due to the fact that
the algorithms are working with complex numbers. This makes it so that a mul-
tiplication results in two additions on numbers that have already been multiplied,
causing a similar scenario as mentioned earlier.

Complex numbers also increase the number of computations significantly, as
one complex multiplication is 4 real multiplications and 2 real additions, and a
complex addition is 2 real additions. The complex multiplications are the reason
why there are considerable addition counts, even when few complex additions are
made.

In the FFT and IFFT stages of the FFT algorithm, the bit size of the adder and
multiplier does not differ significantly because the transform is implemented with
the radix-2-Cooley-Tukey algorithm. As described in Section 2.3.2, the transform
is performed in stages where multiplications are followed by additions and the
output from a stage is used as input in the next stage. Consequently, the bit
sizes for the operators stay connected. Notably, values only grow during additions
because multiplications are only performed with a twiddle factor, which has a
magnitude of 1.

6.2 Modifications

The unmodified algorithms serve as a baseline for the analysis of the modifications.
They impose requirements for a modification to be deemed useful. For example,
a modification shouldn’t result in lower performance than another base algorithm
whilst consuming more power. With this criterion, it can be determined that the
CC algorithm, even with modifications, will never be applicable. This is because
when the CC algorithm reaches the energy consumption equivalent to what the
base FFT algorithm uses, its performance has been reduced to that of the base
PDE algorithm. Simply put, the FFT algorithm was shown to be a better starting
point for modifications, which is the reason why the CC algorithm wasn’t tested
with combined modifications. Another requirement for modifications to be deemed
useful is that the recall should not drop below 0.8 at 0 dB SNR.

6.2.1 Stacking

As explained in Section 4.1, stacking sequences lowers the total number of ZC
sequences that have to be tested. Consequently, the number of computations and
memory operations is lowered, which in turn lowers the energy consumption. This
can be observed in Figures 5.7, 5.11 and 5.16a where the algorithms utilise stack-
ing. For the CC and FFT algorithms, the energy cost when using stacking appears
to be the base energy cost divided by the stack size. However, the reduction comes
at the cost of lowering the recall score. According to Figures 5.5 and 5.8, the 0.8
recall score threshold starting at -14 dB appears to move by approximately +3
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dB when doubling the stack size. Notably, at a stack size of 6, the modified algo-
rithms achieve an acceptable detection performance 1 dB lower than that of the
unmodified PDE algorithm. Additionally, the FFT algorithm has an operation
cost, only slightly higher than that of the unmodified PDE algorithm when detec-
tions are made. However, when recall is low (no detection is made), the cost is
approximately twice as high.

Due to the linearity of the cross-correlation operation, the result of cross-
correlating the signal subsegment with a stack of ZC sequences is equivalent to
the sum of the cross-correlations with the individual ZC sequences in the stack.
Since only one ZC sequence in the stack could be the correct root value, the peak
will not be magnified. The noise present in the signal, however, will propagate
through each individual cross-correlation and thus be magnified in the stacked
cross-correlation. Thus, noise sensitivity is increased by stacking ZC sequences
before cross-correlation. The ZC sequences in the stack also have a non-zero
cross-correlation with the ZC sequence in the signal subsegment, adding additional
variation in the cross-correlation result.

Unfortunately, the precise mode had an insignificant effect on the total energy
cost. This is because a majority of the computation and memory access is done
during the stack creation and correlation. The stage where the predicted stack is
checked accounts for only a minority of the cost; therefore, even if this is reduced
with a precise mode, it won’t be noticeable. However, if larger stacks were used
or many false stacks were predicted, this balance would shift, and the stack check-
ing stage would be more important. Unfortunately, as the recall score would be
worse than the unmodified PDE algorithm, such large stack sizes are not worth it.
Additionally, with a larger stack size, more ZC sequences need to be checked, and
the risk of a stack being wrongfully predicted is higher. If the total number of ZC
sequences that need to be checked from wrong stacks is too big, the energy costs
would eventually start to increase instead.

For the detection score, the precise mode slightly degraded performance, Fig-
ures 5.5 and 5.8 shows that the recall score loss is steeper when precise mode is
active. This occurs because the correct stack is detected, but the offset is wrong.
As discussed in Section 4.1, this causes the precise search to fail in detecting the
correct ZC sequence within the stack. Therefore, the search continues, and no
detection attempt is made, producing a false negative, lowering the recall score.
So, for our low stack size case, the precise mode makes detection performance
worse without any extra energy reduction. Therefore, it was not used in further
simulations and is not recommended as a modification.

Unlike the CC and FFT algorithms, the PDE algorithm’s performance loss
is not as severe as the 0.8 recall threshold moves by +1.5 dB when doubling
the stack size. However, the base threshold is at -6 dB. This less severe perfor-
mance loss could be because differentials d,[n] (Equation (2.2)) created from ZC
sequences of length N with different roots ¢ will be orthogonal to each other over
the range of n. Stacking the differential waves will still amplify noise, but unlike
with ZC sequences, the waves themselves will have a cross-correlation of 0 if their
corresponding root values aren’t identical. This means that, unlike stacking ZC
sequences as in the FFT algorithm, the cross-correlation of the waves will not
degrade the result.
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It can be seen in Figure 5.16a that the energy cost reduction is less effective and
that it saturates at stack size 4. Consequently, stack size 4 is the recommended
maximum for the PDE algorithm. Due to how the algorithm works, all stacks
will be tested in each detection; therefore, the wave generation cost in Table 5.1c
will still be the same no matter the stack size. The CC stage cost will, on the
other hand, be reduced as the stack size increases. Originally, these stages are
similar in cost, but as the stack size increases, the wave generation will be the only
dominating cost, setting a limit on the energy cost reduction. The reason why the
cost in Figure 5.16a is not saturated closer to the wave generation cost of 5.4 x 10%
is due to the cost from all the other minor stages and the cost from adding all the
waves into their stacks.

This is not apparent in the other algorithms because their non-generation
stages are far more expensive than their generation counterparts, thereby dom-
inating the total cost. Consequently, much higher stack sizes are required for
saturation to occur.

6.2.2 Downsampling

When downsampling, the number of sample points scales proportionally with ﬁs,
as described in Section 4.1. Since this determines the number of memory opera-
tions and the computations without changing the bit sizes in the high-cost stages
of the PDE and CC algorithm (Table 5.1), the energy cost reduction should follow
the same pattern. This is confirmed when looking at Figures 5.6 and 5.16b. The
recall threshold in the CC algorithm appears to deteriorate the most for down-
sampling 2, where it moves by +3.5 dB, then lessens to +2 dB for the other
downsampling levels.

The white noise present in the signal follows a normal distribution. The fact
that ZC sequences have a constant amplitude of one means the cross-correlation of
the noise and a ZC sequence at each offset will be a sum of normal distributions (if
phase is ignored). Since the absolute value is taken after cross-correlating, phase
can be ignored. Summing n normal distributions with standard deviation oy will
lead to a new normal distribution with standard deviation oy = \/noy.

In the cross-correlation case, this would mean the standard deviation of the
resulting noise scales as the square root of the sliding window size. The peak height
would instead scale linearly with the sliding window size, since all ZC sequence
indices have the same magnitude. This means the noise scales down slower than
the peak does with the downsampling factor, leading to worse performance in high
noise environments. From some basic tests, it was observed that the standard
deviation of the noise in the cross-correlation indeed decreased by a factor of
approximately % when the downsampling factor was changed from 1 to 2. The
peak height, however, decreased by a factor of 2.

Another possible reason for the decrease in performance is the fact that down-
sampling deteriorates the ZC sequences themselves. The cross- and auto-correlation
properties described in Section 2.1 will no longer hold, which might give rise to
additional "false" cross-correlation peaks at the wrong offsets and root, which get
flagged by the peak detection. These "false" peaks could explain the decrease in
precision seen in Figure 5.4. It is worth noting that the decrease in precision hap-
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pens when the recall is already very low. This means few true positives are found,
which also means very few false positives are needed to meaningfully degrade the
precision. The precision values also vary greatly between tests, as can be seen in
the intervals in Figure 5.4. Nevertheless, there is a significant difference, mean-
ing the precision does get worse. For auto-correlation, downsampling could lead
to detection failure since "false" peaks make the real peak seem less statistically
significant.

For the PDE algorithm, downsampling by 2 moves the threshold by +2 dB, and
downsampling by 3 moves it an additional +4 dB, placing it at 0 dB with a recall
score of 0.8, meaning it’s almost classified as unusable. Downsampling by 4 does
place the recall score below 0.8 at 0 dB; therefore, downsampling by 3 is the limit
before the PDE algorithm becomes unusable. Similarly to downsampling the CC
detection algorithm, the peak seems to scale linearly with the number of indices,
while the noise scales as its square root. Since the noise of the differentiated signal
no longer follows a normal distribution, however, it would be presumptuous to
assume it would scale in the same manner. Nevertheless, the data suggest it does.

Downsampling also has interesting effects on the differentials themselves. For
a downsampling factor of 2, Equation (2.2) essentially changes to

dy[i) = e/t /N (6.1)

, where m = 1,2,...,|N/2|. This function no longer has an integer amount of
periods over the span of 7, meaning the orthogonality of trigonometric functions,
which helped differentiate different root values starts to break down. Aliasing
also becomes an issue when downsampling. For a length N = 601 and root value
q1 > 301 the differentiated signal becomes

dln [ﬁ] — ej47rﬁ(301+a:)/601 _ ej47rﬁ(0.5+x)/601 " ej27rﬁ _ 6j47rﬁ(0.5+z)/601 (62)

, whg\r/ex:ql — 301. .
dg,[n] where go = z or ¢o = x + 1 will considerably interfere with dg, [n],
creating a peak at those root values as well.

6.2.3 Scaling Factor

When lowering the scaling factor, the number of computations and memory op-
erations remains; however, as seen in Figure 5.17 and Figure 5.17a, the operation
cost decreases. When going from a scaling factor of 64 to 16, the distributions
in Figure 5.3 are shifted two steps to the left with bit size 1 being the minimum,
as this is needed to represent the number 0. Consequently, the bit sizes in the
compute-heavy stages shown in Table 5.1 are reduced by the step size, thereby
lowering the cost per addition and multiplication.

This reduction is more significant for multiplications as the cost scales quadrat-
ically with the scaling factor. The reduction also depends on the starting bit size
and the step size of the shift. For example, shifting 2 bits when the maximum bit

size is 15 reduces the operational cost of addition to % ~ 0.86 of the original
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cost and multiplication to (%)2 ~ 0.75. For a maximum bit size of 7, these

relative costs drop to 0.71 and 0.51, respectively.

When going from a scaling factor of 8 to 4 in the PDE algorithm (Figure 5.17a),
the operation cost reduction can be seen saturating. This is due to the same reason
as discussed in Section 6.2.1, the factor only reduces the cross-correlation stage and
not the generation stage, which is why we see a similar operation cost threshold
(7 x 108) as seen for the stacking modification. Unlike for stacking, the memory
cost reduction never saturates because all memory costs in the algorithms are
linearly proportional to the scaling factor.

From Figures 5.10 and 5.15, it can be deduced that the FFT algorithm has a
higher tolerance for lower scaling factors than the PDE algorithm when it comes
to recall score. A scaling factor of 16 shows minimal loss in recall score for the
FFT algorithm, with a scaling factor as low as 8 showing only a difference of
approximately +1 dB for the detection threshold compared to a scaling factor of
64.

When using a scaling factor lower than 8, however, precision seems to collapse
for the FFT algorithm, as is visible in Figure 5.9. The drastic decrease in precision
for a scaling factor of 4 while recall stays high indicates that the peak detection
falsely flags the wrong roots but that correct roots are still not discarded. Since
both the signal and the ZC sequences used for cross-correlation are highly quan-
tised for low scaling factors, the mathematical properties of the ZC sequences will
start to break down. This might, like in the case of downsampling, lead to "false
peaks" that trigger the peak detection. Additionally, it could also lead to degra-
dation of the correct peak, so that it is not detected. It is also possible that the
distribution of values in the result for low scaling factors changes. If that’s the
case, the exact values for the peak detection, see Section 4.3, could be tuned to
increase precision for low scaling factors.

The PDE algorithm is more sensitive to the scaling factor when it comes to
recall. The higher sensitivity indicates that a higher scaling factor is required to
maintain mathematical properties to be able to properly predict the root. Unlike
the FFT algorithm, however, precision stays high for low scaling factors. This is
due to the differences in process steps. For the PDE algorithm, the most likely
root is found and then tested using one iteration of the FFT algorithm. To get a
false positive and lower the precision score, the wrong root would have to be found
by the PDE algorithm and also be flagged as a positive by the FFT algorithm step.
For the FFT algorithm, an average of approximately N./2 roots would have to be
discarded before getting the chance to even detect the correct root. One positive
out of these roots is enough to yield a false positive result, lowering the precision.

Changing the FFT algorithm scaling factor to 16 yielded a 20% reduction in
energy costs compared to a scaling factor of 64 with negligible detection perfor-
mance degradation. Therefore, a scaling factor of 16 should be implemented as a
baseline configuration for the FFT algorithm. A scaling factor of 8 shows minor
power savings compared to 16, with some degradation of detection performance.
It is a possible option, but not good enough to be recommended. For the PDE
algorithm, a scaling factor of 16 shows approximately 15% reduction in energy
costs compared to a scaling factor of 64 while reducing the detection threshold by
about +1 dB. It is not recommended to go lower than 16 in the scaling factor for
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this algorithm, since further reductions in energy costs are limited with significant
detection performance losses.

6.3 Combining Modifications

When combining modifications, the CC algorithm was excluded due to the FFT
algorithm being a much better starting point. As seen in Figures 5.10 and 5.13, the
FFT algorithm was modified to utilise stacking and a lower scaling factor. It was
decided to exclude the precise mode, as it only introduced drawbacks. Similarly,
the scaling factor 4 was excluded because it made the algorithm unusable. As de-
duced, the scaling factor 16 is almost a free energy reduction, and when combined
with a stack size of 6, the operation’s cost comes very close to that of the un-
modified PDE algorithm, whilst performing better, as the recall threshold is 1 dB
lower than for the unmodified PDE algorithm. Additionally, the recall score loss is
not as steep, maintaining some usability for dBs beyond the threshold. However,
once recall drops, the operations cost increases beyond that of the PDE algorithm.
Also, even when detections are made, the total energy cost is almost 50% higher
because the memory cost in the FFT algorithm is 4 times higher than that in
the unmodified PDE algorithm. Higher stacking values were tested, but not pre-
sented, because the detection performance was worse than in the unmodified PDE
algorithm, whilst consuming more energy. Therefore, the PDE algorithm should
generally be chosen for SNR values above -6 dB.

Using lower stack sizes in combination with a scaling factor of 16 is still ben-
eficial if the detection performance doesn’t have to be the best, but still needs to
perform better than the PDE algorithm. Combining a scaling factor of 8 instead
of 16 with any stack size is not recommended, as the detection performance loss
outweighs the energy cost reduction.

For the PDE algorithm, stacking was tested with downsampling 2, but due
to the low starting recall score, no stacking could be made without having the
recall score drop below 0.8 at 0 dB. Therefore, the results were not shown, and
instead, we focused on combining the scaling factor with downsampling 2. It was
chosen over stacking 2 because it lowers the energy cost more, whilst providing
a similar detection performance. Additionally, higher stacking sizes had limited
energy reduction capabilities. Similarly, higher downsampling values were not
explored as they reduced the detection performance too much to be able to be
combined with a lower scaling factor. Lastly, scaling factor 4 was excluded from the
combination because the recall score was too low. From Figures 5.15b and 5.17b it
can be deduced that factor 16 is the most optimal combination with downsampling
2, as it barely reduces the recall score whilst still providing a noticeable energy
reduction.

6.3.1 Other Modifications Explored

There were two other modifications explored, but due to the suboptimal results,
they were not included in the results. The first of these was a modification to the
FFT algorithm where ZC sequences are placed in series instead of being stacked.
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This modification makes use of the otherwise zero-padded space described in Sec-
tion 4.2, removing the cost of adding sequences whilst still testing multiple se-
quences per correlation. Not having to add the sequences in a stack does decrease
the cost, but it is not noticeable since the correlation is the costly step. From
tests, it was seen that it performed slightly worse than the stacking variant. Addi-
tionally, the maximum number of ZC sequences per series is limited by the length
of the zero-padded space. Therefore, we chose to prioritise the stacking algorithm.

The second modification was for the CC algorithm. It changes the cross-
correlation to compute the imaginary and real parts separately and then sums
them, removing 1 addition and 2 multiplications per otherwise complex multipli-
cation. Essentially, this ignores the imaginary part of the cross-correlation result
and is equivalent to taking the real part of the unmodified result. However, it was
found that this only works when there is no phase difference. Because when only
looking at the real part and not the magnitude of the correlation, matching signals
with a phase difference becomes increasingly difficult to detect as the difference
grows. Therefore, this modification would not work in realistic scenarios where
phase differences are impossible to avoid and can be caused by multiple factors,
such as a frequency offset between the transmitter and receiver.

6.4 Recommendation

We do not believe that there is a one-size-fits-all algorithm; instead, we believe
that the best algorithm depends on the SNR environment and use case. The al-
gorithm should be chosen to best fit the required SNR performance, so as not to
waste energy on unnecessary performance. To provide a smooth transition be-
tween performance and energy cost levels, modifications to the base algorithms
can be used. Starting with the FFT detection algorithm yields the highest perfor-
mance and energy consumption, but by using the stacking modification (without
the precise mode active), multiple detection performance levels and energy levels
are introduced. Once the modified FFT algorithm comes close to the performance
of the PDE algorithm (stack size 6), it is best to switch over to the PDE algo-
rithm and provide further options by modifying it with stacking, downsampling or
scaling factor (with and without downsampling 2). The modifications discussed
above serve as a guide for viable modification choices alongside their trade-offs and
limitations.

For scenarios where ZC sequences occur rarely in a signal, the FFT detection
algorithm will consume between 1.5 and 2 times the energy it would when detecting
sequences. This scenario favours the PDE algorithm, which does not increase
energy consumption when no detection is made. Therefore, when ZC sequences
are uncommon, and the required SNR is at most -1 dB below the recall threshold
of the PDE algorithm (-6 dB), it can be argued that it would be more worthwhile
to use the PDE algorithm instead of the FFT algorithm with stacking 6. Although
it has a recall score of 0.8 at -7 dB, in contrast to the recall score of 0.4, which
the PDE would have, the energy consumption would be too high to justify the
increase in performance.

An advantage of the FFT detection algorithm is that the recall degradation
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slope is less steep than in the PDE algorithm, so even if the SNR falls below the 0.8
recall threshold, the algorithm will still work for another -2 dB, but with a recall
score as low as 0.4 instead. For the PDE algorithm, it only takes a -1 dB step. In
scenarios where the SNR sometimes falls below the algorithm’s recall threshold,
and not missing the ZC sequence is crucial, the FFT algorithm is favoured. For
such cases, it can be argued that the extra energy cost is worth the less SNR
sensitive detection performance.

6.5 Limitations

One limitation encountered during the writing of this thesis is the difficulty of
estimating the power draw of an integrated circuit when simulating its function in
software. It will depend not only on exact hardware implementation and chosen
technology node, but also on the exact inputs to the computational elements of
the circuit and in which order these inputs appear. For the calculations made in
this thesis, it was assumed that all additions/multiplications will depend only on
the bit size of the adder/multiplier itself, and not the input values. In reality,
the binary representations of the values that occur during operations matter a
lot. For an addition, adding the numbers 16 (signed binary 010000) and 2 (signed
binary 000010) won’t result in any carries between adder blocks (result 010010),
but addition between the numbers 15 (signed binary 001111) and 1 (signed binary
000001) will result in a ripple carry over essentially the entire adder (result 010000).
The amount of bits required is identical, but the amount of switching varies greatly.
However, the data being processed in this thesis is largely noise. Therefore, it was
assumed that, on average, the number of bits switched in the inputs would scale
linearly with the number of bits required by a stage, and the energy for arithmetic
operations would scale as described in Section 2.4.1.

Calculating the energy consumption of memory accesses is especially difficult.
The comparison between additions and multiplications is simple, since the latter
is constructed using the former. Memory is an entirely different function from
arithmetic, meaning the implementation of it could differ even if the arithmetic
functions stay constant. It is also difficult to find sources with power consumption
figures for modern process nodes, making it difficult to create an energy model for
memory access based on literature. This is why the energy costs of the memory
operations are also shown separately from the arithmetic operations. The con-
version factor between the two, as described in Section 4.7.1, gives the possibility
of comparing total energy usage, but should be considered a rough estimate. It’s
more useful to keep arithmetic and memory separate while comparing the different
algorithms’ energy costs.

Since the absolute power draw of a circuit depends on many factors, the en-
ergy costs were calculated in arbitrary units in this thesis. The numbers were
calculated by using the scaling of energy consumption described in Section 2.4.1.
This allows for comparison between the algorithms, but provides no information
about absolute energy usage.

This thesis also did not consider many of the non-idealities present when ac-
tually transmitting and receiving signals. Frequency offsets, other signals with
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quadratic phase, and other factors could affect the performance of the detection
algorithms.
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Chapter 7

Conclusion and Future Works

7.1 Conclusion

In conclusion, the unmodified CC detection algorithm had no applicable scenario
due to its inferior energy-to-detection-performance ratio when compared to the
unmodified FFT detection algorithm. Furthermore, it was proven that there were
no possible modifications to the CC algorithm that could make it applicable. In
contrast, the unmodified PDE algorithm was found to offer an energy-cheap alter-
native, best suited for high SNR environments.

Across most algorithm modifications, a direct correlation between detection
performance loss and energy reduction was found. The only exception to this
was lowering the scaling factor to 16 in the FFT algorithm, decreasing energy
consumption by 20% without affecting the detection performance. As such, it
should be the new baseline FFT detection model.

When modifying the PDE algorithm, it was observed that the energy reduction
from stacking waves quickly saturated at a stack size of 4. The same could be seen
when lowering the scaling factor; however, it only resulted in a saturated reduction
when the factor was as low as 4, and it only affected the operation cost. When
downsampling in the PDE algorithm, the recall quickly dropped below 0.8 at 0 dB,
limiting the downsampling to a maximum of 3. So, for these reasons, the viable
modification values in the PDE algorithm are rather limited.

For stacking in the FFT algorithm, it was found that the precise mode did
not noticeably decrease energy consumption and slightly reduced detection per-
formance; therefore, it was discarded. It was also found that the energy cost when
stacking was equal to the base cost divided by the stack size. When comparing it to
the unmodified PDE algorithm, it could be concluded that stacking ZC sequences
in the FFT algorithm could never reduce the energy consumption further, whilst
maintaining a better detection performance. Therefore, instead of increasing the
stack size beyond 6 in the FFT algorithm, the PDE algorithm should be chosen
and modified if further energy reduction is desired.

Ultimately, the optimal selection of base algorithms and modifications depends
on the intended SNR environment. The modifications provide a transition between
the high-performance FFT algorithm and the low-energy consumption PDE algo-
rithm, effectively minimising energy consumption without sacrificing necessary
detection performance.
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The biggest limitation of this thesis is the simplified estimation of power con-
sumption for arithmetic and memory operations. First, the energy cost for mul-
tiplications and additions was assumed to depend only on the operator bit size.
This approach neglects that energy consumption is dynamic, depending on the
binary representation of the inputs. Second, the energy consumption of memory
operations was assumed to scale linearly with the bit size of elements stored, and
the conversion from a memory operation to energy cost was a rough estimate.
Third, power consumption was only modelled in arbitrary units. While this allows
for relative comparison, it provides no information about absolute power usage.

7.2  Future Work

One area which was not investigated during the course of this thesis was non-
idealities in the transmission and reception of the signal. In reality, things like
relative velocity between transmitter and receiver will introduce a frequency offset.
Further studies could explore how these non-idealities affect the different detection
algorithms presented in this thesis.

Another potential improvement to the methods outlined in this thesis would be
to have more frequent downshifting of values, ensuring they don’t grow too far from
their original values. It’s visible in Figure 5.3 that the values grow substantially
in some process steps, which increases energy consumption. It’s entirely possible
that limiting the growth of values by downshifting more frequently would result
in worse performance, but it would also save a lot in terms of energy.

Another interesting alternative for reducing the power consumption of arith-
metic operations is the use of approximate circuits. Approximate circuits reduce
the cost of operations by reducing the amount of logic in the circuit, which will
introduce fixed-bias errors in the calculations. There are many ways to construct
approximate computing circuits, but the general idea is to reduce the number of
gates inside the multiplier/adder to reduce the amount of energy used to perform
an operation. The fixed-bias errors in the calculations will depend on the exact
circuit implementation. Therefore, the decrease in accuracy will be deterministic;
a particular set of inputs will always give the same output. For all cases, to use
approximate computing circuits, one has to trade energy consumption for accu-
racy. A library of approximate adders and multipliers which could be used for this
purpose can be found in [18].

This thesis also consisted exclusively of simulations. Implementing a version of
the detection algorithms on a field-programmable gate array to run them on actual
hardware would give insights as to how they perform in more realistic scenarios.
This will, in all likelihood, be more energy-intensive than for a dedicated ASIC
solution, but it could be more realistic than the energy consumption estimations
made in this thesis without the expense of developing and producing an ASIC.
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